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Abstract. Recent work has shown great progress in integrating spatial
conditioning to control large, pre-trained text-to-image diffusion mod-
els. Despite these advances, existing methods describe the spatial image
content using hand-crafted conditioning inputs, which are either seman-
tically ambiguous (e.g., edges) or require expensive manual annotations
(e.g., semantic segmentation). To address these limitations, we propose a
new label-free way of conditioning diffusion models to enable fine-grained
spatial control. We introduce the concept of neural semantic image syn-
thesis, which uses neural layouts extracted from pre-trained foundation
models as conditioning. These layouts provide rich descriptions of the
desired image, containing both semantics and detailed geometry of the
scene. We experimentally show that images synthesized via neural se-
mantic image synthesis achieve similar or superior pixel-level alignment
of semantic classes compared to those created using expensive semantic
label maps. At the same time, they capture better semantics, instance
separation, and object orientation than other label-free conditioning op-
tions, such as edges or depth. Moreover, we show that images generated
by neural layout conditioning can effectively augment real data for train-
ing various perception tasks.

Keywords: Diffusion Models · Neural Representation · Controllable
Synthesis · Text-to-Image

1 Introduction

Controllable image synthesis enables users to specify the desired image content,
while relying on a generative model to fill in details that align with the distribu-
tion of natural images. One way to express the content is through natural lan-
guage, as popularized by the recent advances of large-scale text-to-image (T2I)
diffusion models [1,3,27,29]. However, precisely and comprehensively specifying
a complex scene (such as in Fig. 1) including layout, pose, shape, and orientation
of objects can be a tedious task. To obtain a satisfactory image, a user often has
to spend an extensive amount of time modifying prompts.
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Reference Sem. Seg. Neural Layout Reference HED Neural Layout

Reference MiDaS Neural Layout Reference Canny Neural Layout

Reference Sample + foggy + night + winter + autumn

Original Caption: A small group of sheep standing together next to a building.

Fig. 1: Our proposed neural layout conditioning enables neural semantic image synthe-
sis. Neural layout simultaneously specify semantic and spatial concepts (e.g., scene ge-
ometry, object semantics and orientation) without requiring expensive pixel-wise label
annotations. In contrast, commonly used image conditions are geometrically (Sem.Seg.)
or semantically (MiDaS, Canny, HED) ambiguous, as highlighted with the red boxes.

This becomes prohibitive when images need to be generated on a large scale
without human-in-the-loop; for instance, when using them for training models in
downstream perception tasks. For applications such as 2D/3D object detection,
pose estimation, or semantic segmentation, it is crucial to ensure both diversity
of generated images and their faithfulness to spatial details provided in the
conditioning, e.g., correct position, size, pose and orientation of objects.

Recent work [19, 22, 25, 47, 49] proposed to introduce adapters to integrate
spatial control to directly specify content. These methods have shown that seg-
mentation, edge, depth, and normal maps as well as skeletal poses can be used
to condition the composition of diffusion models. Given this variety, it is natural
to ask what descriptor is best suited as spatial and semantic descriptor of scenes.
We argue that two properties are key to the general applicability of a descriptor:
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richness of semantic and spatial content and the ease to obtain descriptor-image
pairs for fine-tuning pre-trained T2I diffusion models.

Semantic segmentation maps are a popular descriptor choice [20, 30, 37, 43],
being interpretable high-level abstractions. However, creating them for real im-
ages requires either costly and tedious pixel-wise manual annotation or a suit-
able pre-trained network to generate noisy pseudo-labels. Even more so, since
segmentation maps are ambiguous with respect to object pose, orientation, or
geometry, errors such as cars driving the wrong way down a street (see Fig. 1)
are quite common. Similarly, one can employ pretrained edge detector [41] or
depth estimator [28] models to cheaply obtain image edge and depth conditions
from unlabeled images [47]. While these conditions are clearer with respect to
object geometry, they remain ambiguous with respect to semantic content. For
example, both “cat” and “blanket” are plausible interpretations for the object
boundaries seen in Fig. 4. Similarly for depth maps, the same geometric shape
seen in Fig. 1 can be interpreted as either “building” or “bus”. In short, existing
conditioning descriptors can not satisfy both desired properties at once.

In this work, we propose a new way of conditioning T2I diffusion models
to enable fine-grained spatial control without requiring expensive human anno-
tations. We introduce the concept of neural semantic image synthesis, which
derives its conditioning from dense neural features extracted from foundation
models (FMs). Recent work [17, 23, 50, 52] has shown that these features pre-
serve the semantic content and geometry of the images, and are thus rich spatial
descriptors of the desired scene. However, these features encode nuisance appear-
ance variations which must be removed to ensure diverse synthesis. We introduce
a semantic separation step using PCA decomposition to extract only the desired
information. The resulting features are refered to as “neural layout” (see Fig. 2).

Using neural layouts for conditioning reduces the need to create detailed tex-
tual descriptions or costly pixel-level annotations for training images. This makes
it easier to scale up the training data needed to learn conditional control of T2I
diffusion models, and thus further boost the quality of image synthesis. At the
same time, neural layout conditioning ensures both faithfulness to semantic and
spatial details and diversity of appearance. Providing both is vital for synthetic
data augmentation for training different downstream perception tasks.

To showcase the benefits of neural layout conditioning, we propose the LU-
MEN model which stands for Label-free neUral seMantic imagE syNthesis.
LUMEN builds upon ControlNet [47] and uses neural layouts extracted from
an image’s Stable Diffusion features [29] for conditioning (see Fig. 2). We show
that images generated by LUMEN achieve superior alignment in semantic lay-
out to the reference image even when compared to those created using expensive
ground truth semantic label maps (see Tab. 2). In comparison to other con-
ditioning inputs obtained from pretrained networks (e.g. predicted edges and
depth), images generated with neural layouts capture better the semantics and
geometry of the scene (see Fig. 4). Furthermore, we experimentally verify that
this improvement in image alignment and quality results in performance gains
when used to train downstream perception tasks (see Tab. 4 and Tab. 5).
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2 Related Work

Controllable Image Synthesis. In the realm of generative adversarial net-
works (GANs), previous methods [15, 24, 33, 34, 38, 39, 53] have attempted to
utilize various types of conditioning information to specify the spatial and se-
mantic content of the synthesized images. With the increasing popularity of
large-scale text-to-image (T2I) diffusion models, e.g., DALL-E 2 [27], eDiff-I [3]
and Stable Diffusion (SD) [29], more recent works seek to incorporate additional
control mechanism into the T2I models, to better steer the generation process.
One popular direction is to leverage extra image specifications such as label
maps, edges, or depth [19, 22, 43, 47, 49] to provide a more detailed description
of the desired spatial composition, and thus gain finer control over the synthesis
process.. FreestyleNet [43] finetunes the entire SD model to rectify the cross at-
tention maps based on the semantic labels. T2I-Adapter [22] and ControlNet [47]
both introduce an adapter network on top of a frozen SD backbone to accom-
modate the conditioning information. Uni-ControlNet [49] extends ControlNet
by accepting multiple conditioning inputs via two adapters, further enhancing
its controllability.

Different from these prior works and complementary to them, we focus on
improving the representation of the image descriptor used by these mechanisms.
We introduce the novel concept of “neural semantic image synthesis”, which
makes use of the rich spatial and semantic knowledge within large-scale pre-
trained foundation models (FMs) as conditioning input for T2I diffusion models.
In contrast to existing representations, our proposed neural layouts can capture
high-level semantic and geometry information, without human labeling efforts.
Dense Neural Features. Benefiting from advanced pretraining techniques such
as self-supervised learning [6, 23] and joint vision-language pretraining [26, 29],
large-scale pretrained foundation models (FMs) like CLIP [26], DINO [6], DI-
NOv2 [23], and Stable Diffusion (SD) [29] itself can serve as robust feature ex-
tractors for diverse tasks. For example, several works [2, 12, 46] have discovered
that these intermediate features can provide well-localized semantic correspon-
dence. Others have used it for various perception tasks, e.g., object detection,
semantic segmentation and depth estimation [17, 23, 50, 52]. A few recent works
attempt to leverage these features for image synthesis in the context of image
editing. PnP-Diffusion [35] represents the original image using SD features, which
is more amenable to text prompting through the use of cross-attention. Other
works [7,44] use neural features to encode the exact identity of a subject so that
it can be replicated in novel scenes.
Image Editing. Unlike image editing task [16, 42] that relies on prompt edits
to change the image, the proposed “neural semantic image synthesis” aims to
generate various diverse images, all of which satisfy the high-level semantics
encoded by both the text and image conditions. Hence, instead of capturing
the identical appearance, the proposed method focuses on keeping the overall
semantics and spatial composition of the scene intact, meanwhile maintaining
the freedom to synthesize diverse results, e.g., varying appearances.
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3 Method

Fig. 2: LUMEN uses foundation
models (FMs) features to extract neu-
ral layouts as conditioning input.

In this section, we introduce the concept
of neural semantic image synthesis. In-
stead of using ad-hoc conditioning to de-
scribe the desired output, neural seman-
tic image synthesis makes use of neural
layouts derived from the dense features
of pretrained foundation models. This se-
mantically and spatially rich representa-
tion extracted from a reference image can
better specify the desired semantic con-
tent and scene geometry without requir-
ing annotations for finetuning.

Our model LUMEN (Fig. 2) takes ad-
vantage of the observation that informa-
tion is stored in easily separable form in-
side the dense features of foundation mod-
els [2, 6, 23, 35]. It has been shown that
even a simple linear projection is sufficient
to extract diverse contents such as semantic segmentation, depth estimates, and
part correspondences [12,23,50,52]. Analogously, we observe that semantic and
spatial scene composition useful for specifying a desired image can be separated
from the exact object appearance using a simple linear projector. Through this,
LUMEN can align the generation with the spatial and semantic content of a
reference image while providing meaningful variations in appearance through
the sampling process.

We first introduce how neural layouts are extracted from a reference image
in Sec. 3.1. We then explain how this can be used for conditional image synthesis
with diffusion models in Sec. 3.2. Finally, we will provide the best practices for
extracting semantically and spatially meaningful features from different founda-
tion models in Sec. 3.3.

3.1 Neural Layout

Dense Feature Extraction. Modern foundation models make heavy use of self-
attention (SA) and cross-attention (CA) modules [36]. Following the convention
by Amir et al. [2], we introduce the query, key, value, and token features available
at each attention layer that is associated with different patches of an input image
xref . At layer l, a SA module takes the tokens of the previous layer tl−1, and
linearly projects them into queries qlSA, keys klSA, values vlSA using matrices W l

q,
W l

k, W
l
v:

qlSA = W l
q · tl−1, klSA = W l

k · tl−1, vlSA = W l
v · tl−1.

CA modules instead compute the features based on another conditioning input
y:

qlCA = W l
q · tl−1, klCA = W l

k · y, vlCA = W l
v · y.
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The resulting features are combined through a series of scaled dot-product atten-
tion, normalization, multi-layer perceptron, and residual connections to obtain
the token feature tl = TransformerBlock(ql, kl, vl, tl−1).

Once extracted, these features are reshaped into a dense features map f
corresponding to the original image patches. It was noted by several works [2,
46] that dense features can have different properties depending on where they
are extracted. In Sec. 3.3, we detail the conventions we followed for different
foundation models we investigated.
Semantic Separation. Retaining the entire dense feature map f reveals too
detailed information about the reference image xref and thus impairs diversity
(see Fig. 3), as generated samples are highly similar. To prevent this, we need to
separate semantic and spatial features from appearance details. Based on exist-
ing works [23], we hypothesize that the principal directions in the dense features
should at least partially correspond to what humans intuitively understand as
spatial and semantic image content. We thus employ Principal Component Anal-
ysis (PCA) to obtain a linear projector that can remove nuisance variations.

To obtain the neural layout ci, used as conditioning in LUMEN, we retain
only the information in the top N PCA components, where N is a hyperparam-
eter of our method. In practice, we compute the PCA projection on a random
sample of 40, 000 feature vectors extracted from images in the training set.

3.2 Conditional Image Synthesis

Neural semantic image synthesis generates the images x based upon text prompts
ct and a neural layout ci. While this task is compatible with a variety of condi-
tional synthesis frameworks, we build LUMEN upon ControlNet [47], due to its
popularity, ease of comparison, and its compatibility with most existing image
conditions. ControlNet makes use of a frozen Stable Diffusion model [29] for T2I
synthesis and adds a trainable adapter to incorporate the conditioning.

To train ControlNet, we start with an input image x0 and encode it into its
latent representation z0 = E(x0) using the encoder E . We add noise to z0 and
obtain zt, where t is a time step specifying the scale of the noise added. The
corresponding neural layout ci is extracted from x0 and used as conditioning
input. We train a denoiser ϵθ, to predict the noise ϵ added to zt, with the following
loss L:

L(θ) = Ez0,t,ct,ci,ϵ∼N (0,1)

[
∥ϵ− ϵθ(zt, t, ct, ci))∥22

]
.

3.3 Foundation Model Backbones

We considered 4 different foundation models for extracting neural layouts ci.
This covers features from state-of-the-art methods trained in a self-supervised
fashion (DINO [6] and DINOv2 [23]), vision-language models trained contrastively
(CLIP [26]), as well as text-to-image synthesis (Stable Diffusion [29]). Since the
output resolution of these features varies, all features are upscaled using exact
nearest neighbor interpolation to match the image resolution.
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DINO. We follow established work [2] and use the “key” feature from SA layers
when processing xref as these features contain information useful for challenging
semantic correspondence problems. We use the last SA layer and exclude the key
corresponding to the CLS token to compute the neural layout.
DINOv2. As a scaled-up version of DINO that is trained on a large amount
of curated data, DINOv2 potentially contains more generalizable features. Here,
we use the non-CLS tokens of the last transformer layer for neural layout [46].
CLIP. We use the CLIP vision encoder to encoding xref and keeping all but
the CLS tokens from the last feature layer before the final pooling [52]. These
features were shown to be well-suited for segmentation tasks.
Stable Diffusion. We first use BLIP [18] to obtain text prompts ct for the
respective image xref , and encode xref in the latent space of Stable Diffusion
1.5 (SD): z0 = E(xref ). Next, we perform a single denoising step ϵθ(z0,0, ct)
and extract the intermediate activations from layer 2, 5, and 8 of SD’s U-Net,
upsample them to match the resolution of layer 8, and concatenate them along
the channel dimension. These SD features [46] were shown to have a strong sense
of spatial layout, which makes them a promising candidate for neural layouts.

4 Experiments

In this section, we first explain our experimental setup and evaluation metrics.
We show the impact of our design choices for neural layout conditioning in
Sec. 4.1 and demonstrate the advantages of neural layouts compared to existing
conditioning inputs in Sec. 4.2. Finally, we validate the quality of images synthe-
sized by LUMEN by showing its impact on downstream applications in Sec. 4.3.
Evaluation Metrics. To measure the image synthesis quality of our method,
we use FID [13] for perceptual quality, average LPIPS [48] between generated
samples for diversity, and TIFA [14] for text controllability. We additionally
evaluate how well each conditioning captures the semantic composition and ge-
ometry of the scene. For alignment with semantic layouts, we use mIoU between
ground truth segmentation label and those predicted by a pretrained segmenter;
here we use Mask2Former [8] for COCO-Stuff [4] and ADE20k [51], DRN [45]
for Cityscapes [9]. However, since mIoU does not contain 3D information, we
introduce the scale-invariant depth error (SI depth) [10] as a metric for geo-
metric consistency. SI depth is computed on depth estimated using MiDaS [28]
from the reference image and the synthesized image. Further evaluation and
implementation details are available in the supplementary material.

4.1 Neural Layout Design Space

We explore the design space of neural layouts on the diverse COCO-Stuff dataset
[4] to determine how to best extract descriptive semantic and spatial information
from a given reference image.
Best Features for Neural Layout. For the task of neural semantic image
synthesis, we want neural layouts to preserve semantic and geometry content but
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Features mIoU ↑ SI Depth ↓ FID ↓ LPIPS ↑ TIFA ↑
CLIP 41.7 25.7 15.6 0.58 0.84
DINO 49.5 22.2 12.8 0.41 0.77
DINOv2 51.1 22.0 12.8 0.42 0.78
SD 51.4 21.5 12.2 0.42 0.79

(a) Comparison of FMs for extracting neural lay-
outs using 10 PCA components. SD features pro-
duces the best overall image quality.

Comp. mIoU ↑ SI Depth ↓ FID ↓ LPIPS ↑ TIFA ↑
1 45.0 25.5 14.5 0.53 0.87
5 50.0 22.8 12.9 0.44 0.81
10 51.4 21.5 12.2 0.42 0.79
20 52.9 21.1 11.8 0.36 0.66
100 54.6 18.6 8.8 0.25 0.47
Image 56.1 15.6 5.9 0.15 0.30

(b) Impact of the number of PCA components
on image quality for SD features.

Table 1: We ablate the choice of FM feature (a) and the number of PCA components
(b) on the COCO dataset. We observe that the number of SD components can be used
to select the desired trade-off between faithful generation (mIoU, FID, SI Depth) and
sample diversity (LPIPS)/text controllability (TIFA). At large number of components,
the performance approaches using the reference ‘Image’ itself as conditioning.

to discard appearance details. Thus, we want a backbone that extracts features
where this is readily separable. To evaluate this, we compare in Tab. 1a the image
quality of DINO, DINOv2, CLIP, and SD features at N = 10 PCA components.

We observe that SD features provide the best perceptual image quality and
also retain the semantic content best, while DINOv2 is a close second. Although
CLIP conditioning can generate more varied images, this diversity is due to the
weak semantic and spatial constraints imposed during synthesis. This is likely
because CLIP’s image-level training objective is less suitable to capture precise
pixel-level information without further processing.
Number of PCA Components. Since discarding PCA components removes
information, useful or not, the resulting synthesis task also becomes less con-
strained (See Fig. 3). This is reflected in Tab. 1b where we compare synthesis
results across different numbers of PCA components. We observe a clear trade-off
between metrics linked to semantic layout and geometry (mIoU and SI Depth),
image diversity (LPIPS), and text editability (TIFA). As additional PCA com-
ponents impose further constraints, it becomes increasingly likely that these
constraints conflict with the text description. In these cases, the generator pri-
oritizes the more constraining image conditioning over the more ambiguous text
conditions. Note that when the number of components is chosen large enough,
conditioning with neural layout simply reproduces the reference image and the
performance approaches that obtained from directly using the reference image
as conditioning input (see Tab. 1b).

These results demonstrate that the number of components utilized in the
neural layout provides an intuitive mechanism to balance the trade-off between
faithfulness, diversity, and text responsiveness. This level of control is absent in
most other layout conditions.
LUMEN. Given these results, we design LUMEN to use neural layout extracted
from SD features using N = 10 and N = 20 PCA components, as this result in
a satisfactory range of diversity while remaining faithful to the reference image.
However, this can be further fine-tuned to suit specific downstream tasks.
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Fig. 3: Visual comparison of four random samples drawn using LUMEN trained with
a different number of PCA components. Using fewer trades fidelity for diversity.

COCO-Stuff ADE20K
Conditioning Pix. Annot. mIoU ↑ SI Depth ↓ FID ↓ LPIPS ↑ TIFA ↑ mIoU ↑ SI Depth ↓ FID ↓ LPIPS ↑ TIFA ↑
Edges (Canny) No 44.4 24.7 13.2 0.48 0.84 35.1 25.0 19.1 0.49 0.86
Edges (HED) Indirect 49.3 21.4 12.1 0.39 0.74 41.8 21.1 17.4 0.37 0.73
Depth (MiDaS) Indirect 45.3 24.0 14.3 0.53 0.88 34.0 22.1 21.2 0.52 0.87
Sem. Seg. (pred) Indirect 42.9 27.7 16.0 0.64 0.88 33.0 24.6 23.4 0.62 0.85
Sem. Seg. (GT) Yes 43.3 28.8 15.3 0.65 0.88 35.1 27.1 22.6 0.63 0.85
Neural Layout No 52.9 21.1 11.8 0.36 0.66 45.7 21.1 16.1 0.33 0.67

Table 2: Comparison of using different conditioning options for ControlNet across
datasets. Neural layout outperforms all conditioning options in terms of image quality
(FID), as well as semantic and spatial alignment (mIoU, SI).

4.2 Comparison to Existing Conditioning

We compare LUMEN using neural layouts with N = 20 PCA components
against different established image conditioning. For this, we consider the com-
mon ControlNet condition: Canny edges [5] (Canny), HED edges [41] (HED),
MiDaS depth [28] (MiDaS), and semantic segmentation with ground truth (Sem.
Seg. GT) and predicted labels (Sem. Seg. pred). For Sem. Seg. (pred), we use
the same pretrained network as the one used for evaluating the mIoU metric.

It is important to first discuss the relative cost of obtaining the conditioning
input for each of the types. Sem. Seg. (GT) requires expensive pixel-level an-
notations making it difficult to scale the generator training. HED, MiDaS, and
Sem. Seg. (pred) can be cheaply obtained through pretrained estimators, which,
however, require pixel-wise annotations in their training. In contrast, neural lay-
out is either weakly supervised with much more affordable image captions or
entirely self-supervised, depending on the backbone. This distinction could be
important for applications with domain shifts where the feature extraction net-
work itself need to be fine-tuned. The only other conditioning input that fulfills
this criteria is Canny edges. These requirements for obtaining the conditioning
is summarized in Tab. 2 (Pix. Annot.).
Effect of Conditioning Types. We evaluate the effects that different con-
ditioning have on image synthesis using the challenging COCO-Stuff [4] and
ADE20k [51] datasets. As Tab. 2 shows, using neural layout best preserves the
semantic content, outperforming others in terms of both mIoU and SI Depth
while achieving better image quality. Surprisingly, Sem. Seg. achieves only sim-
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Fig. 4: Comparison of images generated with different conditioning types on ADE20k,
COCO-Stuff and Cityscapes. Neural layouts provide rich description of the desired
images, while other inputs contain limited information and are semantically ambiguous.

ilar or worse results in terms of mIoU compared to all other conditioning. We
believe this is due to both datasets featuring a large number of difficult semantic
classes with sometimes semantically ambiguous labels, and due to the long tail
distribution on rare classes. We also see that HED performs second best overall
in terms of FID, mIoU, and SI Depth, as it well encodes the object boundaries
with additional image details being captured by soft edges. Still, the semantic
class of the object within the boundary can be ambiguous, resulting in a lower
mIoU compared to Neural Layout (also see Fig. 4).

Note that we observe again the trade-off between information content con-
straining the image and the diversity and editability of the results. Canny edge
and MiDaS depth have low semantic content and sem. seg. does not constrain ap-
pearance or geometry, consequently, they often achieve the best LPIPS and TIFA
at the cost of worse alignment or image quality. We also observe that despite
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Reference Sample → banana truck → burning truck + winter + in rainy weather

Original caption: A semi truck is driving down a street.

Reference Sample → in the desert → hiking + in foggy weather + at sunrise

Original caption: There is a man and a young girl snowboarding.

Fig. 5: Image manipulation through prompt editing on the COCO-Stuff validation
set. We show an unedited sample and additional results from replacing the underlined
words in the original caption (→) or appending additional words at its end (+).

the lower TIFA, LUMEN still responds well to a variety of out-of-distribution
prompt edits (see Fig. 5). As we will see in Sec. 4.3, LUMEN provides enough
image variation from sample diversity and text editability in practice for the
downstream network to achieve the best performance.

Conditioning Data mIoU ↑ SI Depth ↓ FID ↓

Edges (Canny) L 35.7 15.8 37.6
L + U 38.8 16.0 43.2

Edges (HED) L 51.3 11.7 31.0
L + U 53.9 11.4 29.1

Depth (MiDaS) L 44.2 16.4 37.8
L + U 46.7 16.5 35.9

Sem. Seg. L 57.9 16.9 44.8
L + U* 53.3 16.2 46.5

Neural Layout L 57.6 12.1 31.2
L + U 58.2 11.8 30.8

Table 3: Impact of using unlabelled
data (U) to augment labelled data (L)
to for training the image generator.

Effect of Data Scaling. Our method
can utilize additional unlabeled data to
enhance synthesis quality. This is exem-
plified with Cityscapes [9], which contains
only 2975 training images with pixel-level
labels (L). However, there are ∼20k im-
ages without labels (U) from Cityscapes
that can be leveraged for training.

The positive impact of this extra data
is evident in Tab. 3. When trained with
only a very limited number of labeled im-
ages, Sem. Seg. achieves the best align-
ment in terms of mIoU (57.9), slightly sur-
passing neural layout (57.6), but falls be-
hind in terms of scene geometry (16.9 vs.
12.1). With the inclusion of more data (L
+ U), all methods except for Sem. Seg.
improve in terms of mIoU. Notably, our neural layout simultaneously improves
in mIoU, SI Depth, and FID, outperforming Sem. Seg. that relies only on man-
ual labels. To allow Sem. Seg. to also leverage the extra data, we employ the
same DRN segmenter [45] for pseudo labelling as for mIoU evaluation. However,
we observed a significant drop in its mIoU performance, likely attributed to the
noise in these pseudo labels.
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Reference Sem. Seg. Canny MiDaS HED Neural Layout

Fig. 6: Example of cross-domain (COCO to NYUv2) synthesis. Images created using
neural layout best align with the reference image. Other images are mismatched in
terms of instance separation, room/object geometry, or object semantics.

sem. seg depth surface normal
Conditioning mIoU ↑ pixAcc ↑ AbsErr ↓ RelErr ↓ mean ↓ median ↓ <11 ↑ <22 ↑ <33 ↑
Baseline 44.6 69.9 1.17 0.56 25.8 18.7 31.7 57.3 68.6
Edges (Canny) 45.2 70.2 1.26 0.58 26.0 18.8 31.2 57.0 68.2
Edges (HED) 45.7 70.7 1.27 0.59 25.3 18.0 32.6 58.7 69.7
Depth (MiDaS) 45.8 71.2 1.24 0.58 25.2 18.0 32.4 58.7 69.7
SemSeg (pred) 47.0 71.4 1.27 0.59 25.4 18.3 31.8 58.1 69.3
Neural Layout 47.3 72.0 1.25 0.58 24.9 17.7 32.7 59.4 70.4

Table 4: Synthetic images improve the multitask performance on the NYUv2, de-
spite that the generator is trained on COCO-Stuff. Additional synthetic training data
improves upon the baseline in all cases, but most so for neural layouts.

4.3 Downstream Applications

In this section, we show the applicability of data from LUMEN to different
downstream applications. Since image diversity is crucial for model training,
N = 10 PCA components are kept in the neural layout.
Cross Domain Multi-Task Training. Being label-free, we can leverage un-
supervised fine-tuning on a large dataset in order to augment a labeled training
set with diverse variants. We demonstrate this by using LUMEN finetuned on
COCO-Stuff [4] to create synthetic variants of training data from NYUv2 [32].
NYUv2 [32] is a small dataset of indoor scenes commonly used for multi-task
learning. LibMTL [21], with its standard setting, was used to train a multi-task
network based on ResNet-50 [11] to predict the semantic segmentation, image
depth, and surface normal. To obtain the baseline results, we used only the real
training data to train the multi-task network. For all other methods, we use the
stated conditioning extracted from reference images in the real training data to
create a synthetic dataset of equal size. In the case of SemSeg conditioning, we
treat the segmentation network as a cross domain feature extractor and sim-
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Input Ground Truth Baseline Ours

Fig. 7: Our additional synthesized data improves upon baseline of using only real
Cityscapes data for domain generalization to the ADAC dataset.

ply use the predicted COCO-Stuff classes. The synthetic and real datasets are
combined to train the multi-task network.

We report the standard metrics for NYUv2 multi-task learning in Tab. 4.
Neural layout is able to outperform all other methods, including the real data
baseline, for both semantic segmentation and surface normal estimation simul-
taneously as it preserves both semantics and geometry (see Fig. 6). In contrast,
even though SemSeg conditioning performs well in the semantic segmentation,
the lack of geometric information makes it worse than depth conditioning for
estimating surface norms. Finally, despite the ill-posed nature of the monocular
metric depth estimation due to depth-scale ambiguity and the out-of-domain im-
age synthesis, our method performs on-par to explicit depth-based conditioning.

Method CS Rain Fog Snow Night Avg.
Baseline (CS) 67.9 50.2 60.5 48.9 28.6 47.0
PnP-Diffusion [35] 67.8 50.6 63.5 50.4 30.3 48.7
ControlNet [SemSeg] 66.8 50.4 64.7 51.7 34.6 50.3
FreestyleNet* [43] 69.7 52.7 69.0 54.3 32.9 52.2
LUMEN (Ours) 68.5 53.4 67.4 55.6 35.1 52.9
Oracle (CS + ACDC) 68.2 63.7 74.1 68.0 48.8 63.6

Table 5: Comparison of augmentation
techniques for domain generalization via
prompt edit. Quality is measured using
mIoU of a SegFormer [40].

Domain Generalization. By choos-
ing to use ControlNet as our back-
bone generator, we can use the text
prompt to control the domain (mainly
appearance) of the synthesized images
while using neural layout to control
the semantic and geometric content.
We use this to perform domain gen-
eralization experiments from the day-
time only Cityscapes to ACDC [31],
containing adverse weather and light-
ing conditions (for more details see
suppl. material). As shown in Tab. 5
and in Fig. 7, we verified that im-
ages generated by LUMEN can sig-
nificantly improve the model’s gener-
alization ability upon the baseline, which is trained only on Cityscapes. We com-
pare against other diffusion-based methods PnP-Diffusion [35], FreestyleNet [43],
as well as ControlNet [47] with predicted Sem. Seg. conditioning. The prompt
editing of PnP-Diffusion cannot generalize well to the image domain of
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Original “Anime” “Sketch” “3D Render”

Fig. 8: LUMEN can create artistic stylized versions of an image using prompt editing.

Image 1 Image 2 Neural Layout Edited

Fig. 9: Neural layouts can be combined to define desired layout in the final image.

Cityscapes, leading to little benefits for domain generalization. FreestyleNet re-
quire manual annotation to train the image generator, in contrast to our label-
free LUMEN. Yet, our method still outperforms FreestyleNet overall.
Content Creation. Although we motivate our method by considering applica-
tions generation is automated (i.e. for creating training data), it is also suitable
for interactive content creation. We show in Fig. 8 that LUMEN is not limited
to synthesize realistic images, but is also versatile enough to generate images
with a variety of different artistic styles. This suggests that the semantically
separated neural layout is able to discard stylistic content of the reference. We
further show in Fig. 9 that, with user interaction, object layouts and scene com-
position can be altered by combining different images. Although not as flexible
as specifying composition from scratch, LUMEN still enables a new workflow
where a creator can specify both the desired spatial and semantic layout of the
output while relying on the diffusion model to fill in the appearance.

5 Conclusion

We introduced the concept of neural semantic image synthesis and established LU-
MEN as a strong label-free baseline that can simultaneous specify semantic and
spatial concepts of the outputs. Neural semantic image synthesis has additional
applications that we hope will be explored in future works. For example, tar-
geted removal of irrelevant information could be possible by replacing PCA with
a learned projector specialized to a downstream task. Similarly, one could use
neural semantic image synthesis to create images in a target domain from im-
ages in a source domain if a projection direction can be learned to eliminate the
domain differences. This allows the reuse of labels from one image domain to
another in order to save costly annotation efforts.
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