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Abstract
The layout-to-image (L2I) task enables fine-
grained control over image generation via object
categories and spatial layouts. However, existing
L2I methods yield fragmented and distorted gen-
erations under few-shot atypical settings. We term
this failure as representation fragmentation, aris-
ing from a granularity mismatch that entangles se-
mantic identity with visual details. To address this
issue, we propose a representation-driven frame-
work that disentangles semantics from primitives
for robust few-shot adaptation. Specifically, Se-
mantic Anchoring aggregates categorical seman-
tics into anchors for stable identity, while Primi-
tive Imbuing models recomposable primitives for
robust local detail modeling. Conceptual Steer-
ing further regulates optimization with a saliency-
aware objective to preserve foreground semantic
consistency. Extensive experiments demonstrate
consistent improvements in the 5-shot regime
over state-of-the-art L2I methods in both visual
fidelity and alignment across diverse atypical do-
mains. The source code is publicly available at
https://github.com/iCVTEAM/DSP.

1. Introduction
The rapid evolution of large-scale diffusion models has rev-
olutionized image generation, unlocking diverse avenues
for controllable generation (e.g., Liu et al., 2022; Xu et al.,
2023; Zhang et al., 2023; Li et al., 2024; Mo et al., 2024;
Mou et al., 2024). Among various controllable paradigms,
layout-to-image (L2I) generation stands out as a pivotal
bridge between abstract user intent and concrete visual re-
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alization, allowing for controllable generation of complex
scenes by explicitly defining the category and spatial config-
urations of constituent objects (e.g., Li et al., 2023; Zheng
et al., 2023; Wang et al., 2024; 2025; Tang et al., 2025).
Despite this success, foundational diffusion models such as
Stable Diffusion (Rombach et al., 2022) are predominantly
trained on large-scale datasets composed of canonical nat-
ural images (e.g., Schuhmann et al., 2022). As a result, a
pronounced domain gap emerges when applying them to
atypical visual domains, such as turbid underwater imagery
(Fu et al., 2023) or high-altitude aerial surveillance (Li et al.,
2020), where the underlying visual statistics and geometric
priors deviate substantially from the learned training prior.

The lack of high-quality data in atypical visual domains fur-
ther complicates this challenge. Unlike canonical domains,
where paired data is abundant, acquiring and annotating
layout-image pairs in atypical conditions is labor-intensive.
Consequently, many real-world applications are inherently
constrained to a low-data regime, where only a handful
of training samples (e.g., a few shots) are available. This
highlights the critical need for few-shot adaptation methods
capable of synthesizing high-fidelity data for specialized
domains where collecting large-scale datasets is infeasible.

However, directly adapting L2I models to such data-scarce,
atypical domains presents a distinct and underexplored chal-
lenge. As illustrated in Figure 1 (a), existing L2I methods
do not simply memorize the training objects; instead, they
often fail to form coherent representations, resulting in frag-
mented textures and geometric distortions in the generated
images. These failure patterns indicate that, under the few-
shot regime, highly variable local visual cues overwhelm
global semantics, resulting in fragmented representations.
We term this phenomenon representation fragmentation.

To surmount this fragmentation, we argue that robust few-
shot atypical L2I generation must fundamentally rethink
how representations are formed from limited samples, rather
than relying on parameter-level tuning. Our key insight re-
veals a critical granularity mismatch: high-level semantic
identity demands global consistency and cross-instance sta-
bility, while low-level visual textures and appearance details
are inherently local and highly variable. However, exist-
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(a) Motivation: failures of existing methods in 5-shot atypical setting. (b) Core design principle: semantic-primitive disentanglement.

Figure 1. Few-Shot Atypical L2I via Semantic-Primitive Disentanglement. (a) Existing methods suffer from representation fragmenta-
tion, yielding geometric distortions and fragmented textures (e.g., deformed chimneys and turtles). In contrast, our method maintains
structural coherence. (b) To address the granularity mismatch between semantic identity and visual details, we explicitly disentangle
representations into Semantic Anchors and Visual Primitives, further guided by Conceptual Steering to enforce foreground consistency.

ing L2I methods (e.g., Zhang et al., 2024; 2025c) typically
fail to explicitly separate these heterogeneous granulari-
ties, resulting in an entangled representation where globally
invariant semantics are confounded with stochastic local
visual variations. This confounding underpins the aforemen-
tioned fragmentation, where high-level semantic identity,
which should remain globally consistent and invariant across
instances, is distorted by highly variable local visual details.

This observation motivates our core design principle: ex-
plicitly disentangling semantic-level representations from
local primitive-level representations for few-shot atypical
L2I, as shown in Figure 1 (b). To operationalize this princi-
ple, we instantiate the disentangled representations through
three tightly coupled components, each addressing a specific
bottleneck in few-shot adaptation while being jointly opti-
mized as a coherent system. Specifically, we first stabilize
semantic identity across limited exemplars as a prerequisite,
then address the ill-posed estimation of fine-grained visual
details, and finally enforce semantic fidelity during genera-
tion to prevent degenerate shortcuts. To stabilize semantic
identity under the few-shot regime, we introduce Semantic
Anchoring, which aggregates categorical semantic evidence
across all exemplars into robust semantic anchors. By em-
phasizing cross-exemplar consensus rather than exemplar-
specific fitting, this design alleviates semantic drift under
base-to-novel distribution shift. Fine-grained visual details,
however, is inherently local and poorly constrained in the
few-shot regime, necessitating a different approach. Accord-
ingly, we propose Primitive Imbuing, which models such
details as recomposable visual primitives estimated via ridge
regression for stable recovery under severe data scarcity. Fi-
nally, to prevent the generative model from circumventing
these disentangled representations, we introduce Concep-
tual Steering, a saliency-aware objective that explicitly en-
forces foreground consistency in activation responses. This

component is particularly critical in few-shot transfer due to
distributional asymmetry, where background statistics are
largely shared while foreground regions undergo substantial
shifts. Together, these components form a representation-
driven framework that enforces global semantic consistency
for semantic identity while enabling robust recovery of local
visual details. Our contributions are threefold as follows:

1) We highlight representation fragmentation as a dominant
failure mode in few-shot generative learning, particularly in
atypical L2I settings, and show that mitigating this fragmen-
tation is critical for stable generation under limited inputs.

2) We propose a representation-driven framework for few-
shot atypical L2I generation, consisting of three tightly cou-
pled components that explicitly disentangle semantic-level
representations from local primitive-level representations.

3) Extensive experiments demonstrate that our approach
consistently outperforms the state-of-the-art L2I methods in
fidelity and alignment, achieving robust adaptation with only
five training samples across three diverse atypical domains.

2. Related Work
2.1. Text-to-Image Generation

Text-to-image synthesis has evolved from GANs (e.g. Reed
et al., 2016; Xu et al., 2018; Zhang et al., 2021; Liao et al.,
2022) to autoregressive (AR) (Ramesh et al., 2021; Yu et al.,
2022; Gafni et al., 2022) and diffusion models (Ho et al.,
2020; Saharia et al., 2022). While AR methods model im-
ages as sequences of discrete tokens, latent diffusion models
(Rombach et al., 2022) have recently established a new state-
of-the-art by performing iterative denoising in a compressed
latent space. Despite this success, relying solely on global
text prompts remains insufficient for precise spatial control,
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which motivates a shift towards layout-to-image paradigms.

2.2. Layout-to-Image Generation

Layout-to-image (L2I) generation synthesizes images con-
ditioned on structured layouts that specify object instances
with category labels and spatial configurations, typically in
the form of bounding boxes or segmentation masks. Re-
cently, a wide range of L2I methods have been proposed.
Most of these methods focus on the challenges of encoding
and injecting various types of grounding information, such
as different layout representations (Nie et al., 2024; Gao
et al., 2024) and instance-level semantic conditions (Li et al.,
2023; Yang et al., 2023; Zheng et al., 2023; Cheng et al.,
2023; Chen et al., 2024; Zhou et al., 2024; 2025; Wang et al.,
2024; Zhang et al., 2025a), while some address foreground-
background correlation issues (Zhang et al., 2024; 2025c;
Wang et al., 2025), and a few focus on targeted generation
for specific visual scenes or scenarios (Tang et al., 2025;
Zhang et al., 2025b). However, existing approaches predom-
inantly rely on substantial training data, while L2I genera-
tion under few-shot regimes remains largely underexplored.

2.3. Few-Shot Learning in Image Generation

Early few-shot image generation methods primarily relied
on GANs (e.g., Zhao et al., 2022). With the advent of
diffusion models, research has focused on subject-driven
personalization, where approaches such as DreamBooth
(Ruiz et al., 2023) and DataDream (Kim et al., 2024) fine-
tune models using a small set of reference images. Beyond
subject conditioning, adapter-based methods have been pro-
posed to learn novel control signals in low-shot settings
(Nguyen et al., 2025), and domain-specific applications,
such as anomaly generation, have explored few-shot dif-
fusion architectures (Jin et al., 2025). However, existing
few-shot approaches overlook layout-based grounding, leav-
ing few-shot layout-to-image generation an open challenge.

3. Preliminaries
3.1. Latent Diffusion Model

Unlike standard DDPMs (Ho et al., 2020) that operate di-
rectly in the high-dimensional pixel domain, Latent Diffu-
sion Models (LDMs) (Rombach et al., 2022) perform the
generative process within a compressed latent space, thereby
achieving significant computational efficiency. Consider a
dataset X = {(I, y)} containing pairs of images I and la-
bels y. The input image I is first mapped to a latent code
x0 via a pretrained encoder E of Variational Autoencoder
(Kingma & Welling, 2014), formalized as x0 ∼ qE(x|I).
The forward diffusion process is modeled as a Markov chain
{xt}Tt=0 with Gaussian transitions. At any arbitrary timestep

t, the noisy latent xt can be sampled directly in closed form
via xt =

√
ᾱtx0 +

√
1− ᾱtϵ, where ϵ ∼ N (0, I) is the

standard Gaussian noise, and ᾱt defines the noise schedule.

The generative process aims to reverse this transition con-
ditioned on the label y. A denoising U-Net (Ronneberger
et al., 2015) ϵΘ, parameterized by Θ, is trained to predict
the noise ϵ added to x0. The training objective is defined as

min
Θ
LLDM = E(I,y)∼X ,ϵ,t

[
∥ϵΘ(xt, t, τ(y))− ϵ∥22

]
, (1)

where τ(y) maps the label y into a conditional embedding.

3.2. Regime Shift: From Base Priors to Novel

We formulate the layout-to-image generation task within
a few-shot regime. Let C denote the set of all semantic
categories. A layout, serving as the structured label for an
image Ii, is defined as yi = {Oi, gi}. It consists of a global
caption gi and a set of Mi objects Oi = {(ci,j , pi,j)}Mi

j=1,
where ci,j ∈ C and pi,j represent the category and bounding
box coordinates of the j-th object in image Ii, respectively.

The category set C is partitioned into two disjoint subsets,
base categories Cbase and novel categories Cnovel. Accord-
ingly, the dataset is decomposed into Xbase ∪ Xnovel. Specif-
ically, Xnovel adheres to a K-shot setting, containing ex-
actly K image-layout pairs for each novel category. We de-
note this few-shot dataset as Xnovel = {(Ii, yi)}Nnovel

i=1 , where
Nnovel = |Cnovel| ×K is the total number of support images.

A two-stage transfer learning paradigm, rather than episodic
meta-learning, is adopted to handle this setting. In the base
stage, a conditional latent diffusion model is pretrained on
the large-scale dataset Xbase via vanilla cross-attention injec-
tion to acquire general layout-to-image generation capabili-
ties, yielding parameters Θbase = argminΘ LLDM(Xbase; Θ)
optimized using the standard diffusion denoising objective.

In the subsequent novel stage, the focus shifts to adapt-
ing the model to novel categories using the limited K-shot
dataset Xnovel. Initialized with Θbase, the base model is kept
entirely frozen. Only the parameters Θnovel of our newly pro-
posed disentanglement modules are updated to approximate
the conditional distribution pΘ(I|y) for (I, y) ∼ Xnovel, en-
abling high-fidelity synthesis conditioned on novel layouts.

4. Method
Few-shot atypical L2I poses significant challenges, primar-
ily due to representation fragmentation arising from a granu-
larity mismatch that entangles semantic identity with visual
details. To overcome this, we propose a framework incor-
porating multi-granular control mechanisms, as illustrated
in Figure 2. After establishing prior-grounded represen-
tations in Section 4.1, we present Semantic Anchoring
(Section 4.2) to stabilize categorical semantic identity. Com-
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Figure 2. Method Overview. We propose an atypical few-shot L2I framework comprising: Semantic Anchoring for categorical semantic
stability, Primitive Imbuing for fine-grained local detail recovery, and Conceptual Steering for saliency-aware foreground optimization.

plementing this, Primitive Imbuing (Section 4.3) employs
ridge regression optimization to capture fine-grained primi-
tives for robust local modeling. Furthermore, Conceptual
Steering (Section 4.4) regulates the optimization by preserv-
ing foreground consistency via a saliency-aware objective.

4.1. Prior-Grounded Representation Encoding

Before delving into the proposed modules, we first formalize
the conditional representations used throughout the genera-
tion process. Rather than training from scratch, We initial-
ize a set of distinct embeddings by integrating off-the-shelf
foundation priors for general semantics and base-learned
priors for structural and visual details, ensuring foundational
control of layout and semantics over the generation process.

Constructing Exemplar Pool. Given the few-shot dataset
Xnovel = {(Ii, yi)}Nnovel

i=1 , we construct an exemplar pool as

∆ =

Nnovel⋃

i=1

{(crop(Ii, pi,j), ci,j)}Mi
j=1, (2)

by cropping object instances of each image based on its
ground-truth bounding box. This foreground memory bank
serves as the source for providing supportive visual details.

Initializing Embeddings. We categorize the input embed-
dings into three groups based on their information source.
For the global caption g and category label c, we employ a
fixed CLIP (Radford et al., 2021) text encoder to obtain the
global semantic embedding ϕg and category embedding ϕc.

To incorporate structural layout, we encode the bounding
box coordinates using Fourier feature encoding to obtain
position embeddings ϕp. Additionally, spatial masks S are
derived via a sigmoid function to perform regional selective
injection based on the bounding box coordinates of layouts.

To capture visual embeddings, we utilize a Resampler mod-
ule inspired by (Jaegle et al., 2021; Zhang et al., 2024). This
module is pre-trained on the Xbase and remains frozen dur-
ing the novel adaptation to ensure feature stability, serving
as a generic feature extractor. Regarding the input con-
figuration, we consistently retrieve contextually relevant
background samples from Xbase to extract background em-
beddings ϕb. In contrast, for foreground embeddings ϕf ,
we switch the source from Xbase to representative instances
sampled from the exemplar pool ∆ for the novel categories.

Collectively, these embeddings {ϕf , ϕb, ϕg, ϕc, ϕp} provide
a coarse-grained representation for subsequent adaptation.

4.2. Categorical Semantic Anchoring

In the context of few-shot layout-to-image generation, we
observe a distinct distributional asymmetry where back-
ground statistics remain relatively consistent between the
base and novel sets, whereas foreground categories are en-
tirely disjoint. While freezing the Resampler preserves
pre-trained priors, it inherently limits the embeddings to
a coarse-grained level lacking precise semantics for the
disjoint novel categories. To bridge this gap, we propose Se-
mantic Anchoring. This mechanism stabilizes categorical
perception by establishing semantic anchors derived from
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the exemplar pool to refine the foreground embeddings ϕf .

Retrieving Semantic Anchors. Unlike the general text-
derived embeddings ϕg and ϕc, Semantic Anchors encap-
sulate crucial image-level semantics derived from scarce
novel exemplars. For a specific category c, we retrieve
its visual exemplars δc and encode them using a frozen
DINOv2 image encoder (Oquab et al., 2024) into dense fea-
tures ϕ(∆,c) ∈ Rn×h×w×d, where n = |δc|. To condense
these features, a frozen Resampler queries ϕ(∆,c) with learn-
able tokens ϕq ∈ Rr,d via cross-attention as

ϕr = softmax

(
(ϕqW

R
Q)(ϕ(∆,c)W

R
K)⊤

√
d

)
(ϕ(∆,c)W

R
V ), (3)

yielding reduced features ϕr ∈ Rn×r×d. Finally, to capture
internal structural dependencies, we obtain the anchors A ∈
Rn×d by averaging the intra-exemplar self-attention outputs
along the token dimension r, formulated as

A =
1

r

r∑
k=1

[
softmax

(
(ϕrW

I
Q)(ϕrW

I
K)⊤

√
d

)
(ϕrW

I
V )

]
k

,

(4)
where [·]k denotes the k-th token vector. These anchors
capture the condensed categorical semantics for each novel
exemplar, stabilizing the representation of novel categories.

Inducing Semantics with Anchors. Since anchors A are
derived exclusively during the novel phase, they require
strategic integration into the base pre-training feature stream.
Leveraging the similar derivation between ϕf and A, we
integrate the derived anchors with ϕf to explicitly induce
categorical semantics, thereby enhancing semantic stability.

Formally, we implement this via a gated cross-attention
mechanism with a mask bias M to filter padding tokens.
The induced feature ϕ̃f is formulated as

ϕ̃f = ϕf + η · softmax

(
(ϕfW

′
Q)(AW′

K)⊤
√
d

+M

)
(AW′

V ),

(5)
where W′

{Q,K,V } are projection matrices, and η is a learn-
able gating factor initialized to 0 to preserve pre-trained
priors. The biasMij is set to −∞ for paddings and 0 other-
wise, ensuring attention is focused solely on valid anchors.

The final embedding set {ϕ̃f , ϕb, ϕg, ϕc, ϕp} is then injected
into the middle and early upsampling stages of the U-
Net via masked cross-attention. By targeting these struc-
tural layers, we ensure the anchors effectively guide the
global layout. This injection employs sigmoid-based spatial
weighting, following standard conditioning paradigms in
latent diffusion models (Li et al., 2023; Zhang et al., 2023).

4.3. Visual Primitives Modeling and Imbuing

Although Semantic Anchoring effectively stabilizes cate-
gorical semantics, reconstructing fine-grained, highly vari-
able local appearances remains challenging in the few-shot
regime. To address this, we propose Primitive Imbuing to
complement semantic control with explicit local guidance.

Visual Primitives Modeling and Learning. Inspired by
Wertheimer et al. (2021); Zhang et al. (2025d), we model
Visual Primitives as a set of compact, learnable prototype
embeddings designed to capture visual details. Distinct
from the global Semantic Anchors, these primitives operate
locally, representing the fundamental geometric fragments.

For each target category c ∈ Cnovel, we construct a sup-
port set δc ⊂ ∆ containing n exemplars. We first extract
dense feature maps ϕ(∆,c) ∈ Rn×h×w×d utilizing a frozen
DINOv2 image encoder (Oquab et al., 2024), where h,w
represent the spatial resolution and d denotes the channel
dimension. To establish a holistic representation, these fea-
tures are subsequently flattened and concatenated along the
spatial axes, yielding a unified target matrix T ∈ Rnhw×d.

Visual Primitives are instantiated as s learnable prototype
embeddings P ∈ Rs×d, initialized via K-Means clustering
on T. To capture local compositionality, we reconstruct T
as a linear combination of these prototypes, i.e., T ≈WP.

First, fixing the prototypes P, we determine the optimal
coefficient matrix Ŵ by minimizing the reconstruction error
subject to Tikhonov regularization, formulated as

Ŵ = argmin
W

∥T−WP∥2F + λ∥W∥2F, (6)

where ∥ · ∥F denotes the Frobenius norm and λ is a regular-
ization coefficient ensuring numerical stability. A distinct
advantage of this formulation is that it admits a closed-form
solution, avoiding the need for computationally expensive
iterative solvers. The optimal coefficients are derived as

Ŵ = TP⊤(PP⊤ + λI)−1. (7)

Subsequently, we refine the primitives P to better align with
the target features. By utilizing the derived Ŵ, we optimize
P by minimizing the reconstruction error, measured by the
squared Frobenius norm, formulated as ∥T− ŴP∥2F. The
complete optimization procedure is detailed in Algorithm 1.

Imbuing Primitives into Generation. Given the learned
visual primitives P, we aim to imbue them into the gen-
eration process. To specifically enhance the synthesis of
fine-grained visual details, we target the later and final
upsampling stages of the U-Net. Let h denote the inter-
mediate spatial features within a cross-attention layer. We
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Algorithm 1 Alternating Minimization for Primitives

1: Input: Exemplar subset δc ⊂ ∆, Number of Primitives
s, Regularization λ, Iterations Niter.

2: Output: Visual Primitives P, Coefficient Matrix W.
▷ Feature Extraction & Flattening

3: Extract features ϕ(∆,c) ∈ Rn×h×w×d ← Encoder(δc).
4: Flatten ϕ(∆,c) to obtain target matrix T ∈ Rnhw×d.

▷ Initialization
5: Initialize P ∈ Rs×d via K-Means clustering on T.

▷ Optimization Loop
6: for t = 1 to Niter do

▷ Step A: Update Coefficients W
7: Compute optimal W with P fixed:

W← TP⊤(PP⊤ + λI)−1

▷ Step B: Update Primitives P
8: Update P by minimizing recon. error with W fixed:

P← argminP ∥T−WP∥2F
9: end for

10: return P,W

inject P into h via a spatial-gated mechanism defined as

h̃ = h+ γ · G ⊙ softmax

(
(hW′′

Q)(PW′′
K)⊤

√
d

)
(PW′′

V ),

(8)
where W′′

Q,K,V are projection matrices, and γ is a learn-
able scalar initialized to zero. Here, G serves as a sparsity-
enforced spatial gate derived from the layout bounding
boxes. Specifically, we define G = S ⊙ 1top(S), where
S denotes the dense sigmoid-based spatial masks and 1top(·)
acts as a hard selection operator preserving only the most
significant activations. This formulation strictly confines the
primitive injection to the most salient foreground regions.

4.4. Saliency-Aware Conceptual Steering

In few-shot adaptation, the disentangled representations are
not guaranteed to be effectively utilized during generation.
Due to the pronounced distributional asymmetry between
foreground and background, background regions typically
exhibit lower variability and more stable gradients under
standard diffusion training. As a result, optimization tends
to reduce reconstruction error by preferentially fitting back-
ground patterns that are weakly coupled with the novel
concepts, thereby weakening the semantic fidelity in the
target objects. We therefore introduce Conceptual Steering,
which explicitly enforces foreground-focused optimization.

To implement this, we employ text-driven GradCAM (Sel-
varaju et al., 2017; Lin et al., 2023) as a semantic locator.
By measuring the divergence in activation maps between the
generated outputs and the ground truth, this module iden-
tifies specific regions of semantic inconsistency, thereby
guiding the model toward more precise concept alignment.

Formally, focusing on the target category c specified in
the layout y, we define a spatial penalty mask Ω. This
mask quantifies the discrepancy between the activation maps
M(·, c) of the ground-truth image I and the predicted origi-
nal image Î reconstructed from xt, formulated as

Ω = 1+min

(
|M(I, c)−M(Î , c)|

µ
, 1

)
, (9)

where µ is a sensitivity threshold. We incorporate this mask
into the objective to explicitly penalize misalignment as

Lfinal = E(I,y)∼Xnovel,ϵ,t

[∥∥Ω⊙
(
ϵΘ(xt, t, τ(y),∆)− ϵ

)∥∥2
2

]
,

(10)
where ⊙ denotes the element-wise Hadamard product. By
spatially modulating the loss, Ω effectively amplifies gradi-
ents in under-activated regions, thereby ensuring the novel
concepts are faithfully imprinted onto the intended layouts.

5. Experiments
5.1. Experimental Setups

Datasets. We conduct few-shot experiments on three atyp-
ical datasets: DIOR (Li et al., 2020) for the aerial domain,
RUOD (Fu et al., 2023) for the underwater domain, and
ExDark (Loh & Chan, 2019) for the low-light domain. Each
dataset is adapted for a few-shot setting by dividing it into
base and novel sets based on the foreground categories,
while maintaining the original training and testing partitions.
Detailed dataset configurations are provided in Appendix A.

Implementation Details. Built upon the Stable Diffusion
v1.5 checkpoint, our framework applies Semantic Anchor-
ing to the middle and first upsampling blocks with cross-
attention, and Primitive Imbuing to the final two. The model
is trained on four NVIDIA RTX 4090 GPUs using gradi-
ent accumulation. All layout-image pairs for both training
and inference are resized to 512 × 512. We utilize AdamW
(Loshchilov & Hutter, 2019) with a base learning rate of 1
× 10-4, applying a 100 × multiplier to gating parameters η
and γ. During the base training phase, we train the model
on the base set for 100 epochs with a total batch size of 320.
For few-shot adaptation, we fine-tune the model for 100
steps. In each step, we perform a full-batch update by accu-
mulating gradients from the entire set of novel samples. For
inference, we employ the Euler Discrete Scheduler (Karras
et al., 2022) with 50 denoising steps and the classifier-free
guidance (Ho & Salimans, 2022) with a scale of 7.5. We set
λ and µ to 0.1 and 0.95, respectively. Regarding primitive
optimization, alternating minimization is conducted as a
standalone process preceding the novel phase fine-tuning.
We set the number of iterations Niter to 50 and the number
of primitives s to 128 to achieve a balanced performance.
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Figure 3. Qualitative comparisons under the 5-shot setting on aerial, underwater, and extreme dark domains.

Evaluation Protocol. We compare our method with cur-
rent SOTAs (Zhou et al., 2024; Zhang et al., 2024; 2025c)
under a 5-shot setting. To ensure a rigorous and fair com-
parison, we utilize a fixed sequence of 50 random seeds
throughout the training and evaluation. Each seed determin-
istically controls the data sampling process by selecting the
5 support images for fine-tuning and determining the input
layouts for generation. This guarantees that all methods are
evaluated on identical data splits and inference conditions.

Metrics. We evaluate fidelity using FID (Heusel et al.,
2017) and alignment using the COCO evaluation protocol
(Lin et al., 2014). Bootstrap FID. Standard FID is heavily
biased given the small sample sizes in our setting (i.e., 50
images per category), as they are insufficient to accurately
model the feature manifold. To address this, we utilize a
bootstrapped FID strategy. We pool generations from all
50 seeds and report the mean FID calculated via bootstrap
sampling against the entire novel test set over 50 iterations.

5.2. Comparisons with state-of-the-art

5.2.1. QUANTITATIVE COMPARISONS

Table 1 tabulates the comparative results under the 5-shot set-
ting in terms of fidelity and alignment across aerial (DIOR,
Li et al., 2020), underwater (RUOD, Fu et al., 2023), and
low-light (ExDark, Loh & Chan, 2019) domains. Com-
pared with MIGC (Zhou et al., 2024), CC-Diff (Zhang et al.,
2024), and CC-Diff++ (Zhang et al., 2025c), our method
consistently achieves strong performance across all evalu-
ated benchmarks. Notably, our approach yields a substantial
improvement on the aerial domain, reducing the Bootstrap
FID by a significant margin of 8.17 compared to CC-
Diff (74.34 vs. 82.51). This pronounced gain indicates the

Table 1. Quantitative comparison under the 5-shot setting on
multiple atypical datasets. mAP, AP50, and AP75 are evaluated by
pretrained Faster R-CNN (Ren et al., 2017) detectors.

METHOD FIDBOOT ↓ MAP (%) ↑ AP50 (%) ↑ AP75 (%) ↑
DIOR (LI ET AL., 2020)

MIGC (2024) 89.20± 0.93 22.75± 0.77 51.73± 1.35 16.14± 0.98
CC-DIFF (2024) 82.51± 0.86 24.91± 0.77 55.27± 1.40 19.21± 0.97
CC-DIFF++ (2025C) 82.62± 0.95 24.63± 0.84 54.60± 1.44 18.71± 1.08
OURS 74.34± 0.95 26.06± 0.89 57.22± 1.30 20.46± 1.15

RUOD (FU ET AL., 2023)
MIGC (2024) 49.25± 0.48 17.12± 0.74 38.56± 1.53 13.27± 0.80
CC-DIFF (2024) 48.11± 0.53 18.49± 0.74 40.86± 1.47 14.65± 0.92
CC-DIFF++ (2025C) 46.46± 0.56 18.37± 0.79 42.11± 1.58 13.63± 0.81
OURS 45.44± 0.47 19.45± 0.75 43.43± 1.36 15.12± 0.92

EXDARK (LOH & CHAN, 2019)
MIGC (2024) 93.60± 0.86 32.88± 0.90 67.78± 1.11 28.07± 1.51
CC-DIFF (2024) 94.15± 0.79 35.26± 0.82 70.19± 1.12 32.08± 1.30
CC-DIFF++ (2025C) 93.09± 0.72 35.34± 1.02 70.57± 1.31 31.71± 1.44
OURS 91.36± 0.64 35.93± 0.89 70.99± 1.09 33.13± 1.36

effectiveness of our disentangled design in enhancing high-
fidelity detail generation under limited data availability. In
addition, regarding layout alignment, our method outper-
forms all competing approaches across all detection metrics
(mAP, AP50, and AP75). Such consistent improvements sug-
gest that the generated images exhibit stronger semantic
coherence and are more readily recognized by pretrained
Faster R-CNN (Ren et al., 2017) detectors. Overall, the
results across multiple datasets demonstrate the robustness
and generalization capability of our proposed method across
a diverse range of atypical domains under the 5-shot setting.

To further examine the generalization across different de-
tectors, we conduct additional evaluation using a pretrained
YOLOv8 (Jocher et al., 2023) on the aerial domain. As
shown in Table 2, our method consistently outperforms CC-
Diff and CC-Diff++ across all detection metrics under the
5-shot setting, achieving improvements of 1.30% in mAP
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Table 2. Quantitative comparison under the 5-shot setting on DIOR,
evaluated by a pretrained YOLOv8 (Jocher et al., 2023) detector.

METHOD FIDBOOT ↓ YOLOV8 DETECTOR
MAP (%) ↑ AP50 (%) ↑ AP75 (%) ↑

MIGC (2024) 89.20± 0.93 16.21± 0.87 35.72± 1.77 12.03± 1.01
CC-DIFF (2024) 82.51± 0.86 19.50± 1.02 40.32± 1.86 16.80± 1.14
CC-DIFF++ (2025C) 82.62± 0.95 19.50± 1.01 41.20± 1.97 16.49± 1.10
OURS 74.34± 0.95 20.80± 0.99 43.34± 1.68 17.66± 1.21

Table 3. Ablation study on each component on DIOR.

SA PI CS FIDBOOT ↓ MAP (%) ↑ AP50 (%) ↑ AP75 (%) ↑
94.96± 0.88 19.15± 0.78 47.97± 1.33 11.13± 0.99√
88.57± 0.95 22.84± 0.96 52.05± 1.64 16.80± 1.18√
87.34± 0.80 21.09± 0.65 51.12± 1.29 12.94± 0.76√ √
85.00± 0.88 25.28± 0.91 56.15± 1.56 19.57± 1.06√ √ √
74.34± 0.95 26.06± 0.89 57.22± 1.30 20.46± 1.15

(over both CC-Diff and CC-Diff++), 2.14% in AP50 (over
CC-Diff++), and 0.86% in AP75 (over CC-Diff). These re-
sults demonstrate that our disentanglement strategy yields
detector-agnostic improvements, enabling a more consistent
semantical alignment across various detection backbones.

5.2.2. QUALITATIVE COMPARISONS

As shown in Figure 3, our method demonstrates superior
performance across diverse scenarios. In the aerial domain,
it generates structurally stable chimneys, a contextually co-
herent dam surrounded by water, and a train station with
richer texture details compared to competing methods. In
the underwater domain, our method successfully generates a
small cuttlefish where others fail. It also generates a realistic
turtle, avoiding the anatomical errors found in competing
methods, such as misplaced fins on the head of CC-Diff or
missing fins of CC-Diff++. Finally, in the extreme dark do-
main, our method maintains object integrity by generating
a single, coherent bus, whereas MIGC and CC-Diff frag-
ment the object. We also accurately reconstruct the dog’s
tail and leg count, eliminating the structural anomalies (e.g.,
six-legged dogs in CC-Diff) observed in competing methods.

5.3. Ablation Studies and Analyses

Ablation on Core Components. We first examine the
contribution of each core component, as shown in Table 3.
Enabling either SA or PI individually improves both fidelity
and layout alignment over the baseline, while their combina-
tion leads to a substantial performance gain, demonstrating a
strong synergistic effect between the two modules. Introduc-
ing CS on top of SA and PI yields a significant improvement
in fidelity, indicating its effectiveness in stabilizing training
and reinforcing global consistency. Figure 4 further con-
firms that the absence of these components compromises
both bounding box localization and detection confidence.

Table 4. Ablation study on different variants on DIOR.

VARIANTS FIDBOOT ↓ MAP (%) ↑ AP50 (%) ↑ AP75 (%) ↑
REDUCED SA INJECTION 81.46± 0.76 17.31± 0.59 44.92± 1.21 9.17± 0.65
REDUCED PI INJECTION 76.48± 0.80 25.70± 0.83 56.60± 1.35 19.84± 1.18
PI-SA SWAPPING 83.09± 0.65 11.89± 0.81 30.77± 1.77 6.41± 0.72
PRIMITIVES RANDOM INIT. 75.08± 0.92 25.87± 0.86 57.83± 1.35 19.06± 1.17
PRIMITIVES FIXED K-MEANS 78.23± 0.97 25.48± 0.73 56.33± 1.16 19.35± 1.04
OURS (FULL MODEL) 74.34± 0.95 26.06± 0.89 57.22± 1.30 20.46± 1.15

Table 5. Ablation study on the number of visual primitives.

s FIDBOOT ↓ MAP (%) ↑ AP50 (%) ↑ AP75 (%) ↑
32 76.38± 0.91 25.95± 0.79 57.34± 1.29 19.72± 1.17
64 76.03± 1.00 25.51± 0.85 56.84± 1.21 19.13± 1.26
128 74.34± 0.95 26.06± 0.89 57.22± 1.30 20.46± 1.15
256 76.30± 0.98 26.26± 0.75 57.41± 1.14 20.12± 1.05

Ablation on Multiple Variants. We further analyze sev-
eral design choices in Table 4. Reducing the number of
injection layers for either SA or PI leads to clear perfor-
mance degradation. When SA is weakened while PI and
CS remain active, the resulting performance drop becomes
more pronounced, indicating that these modules are not in-
dependently effective but rely on a well-balanced synergistic
configuration. Swapping the roles of SA and PI leads to a
severe performance collapse across all metrics, suggesting
that each module fulfills a distinct role within the designed
representation hierarchy and that violating this assignment
breaks the module synergy. Finally, we evaluate different
primitive initialization strategies. Both random initialization
and fixed K-means primitives underperform the full model,
highlighting the benefit of our ridge-regression-based op-
timization strategy in learning more effective primitives.
Figure 5 confirms the quality drop, especially where the
PI-SA swap confuses the airport with an airplane structure.

Ablation on Primitive Numbers. Table 5 reports the per-
formance under varying primitive numbers. We observe that
s = 128 yields the optimal balance, whereas overly small
or large primitive counts slightly degrade fidelity and align-
ment, suggesting a balanced primitive capacity is crucial.

Qualitative Analysis of CS. To analyze the impact of CS,
we visualize CAMs at different inference steps t, as shown
in Figure 6. Without CS, CAMs rarely cover the layout
elements. However, with CS, CAMs accurately highlight
these regions from t ≈ 800. This validates that our method
ensures a better semantical consistency during generation.

Failure Case Analysis. As shown in Figure 7, the pri-
mary failure mode is the object count mismatch, which
predominantly occurs with extremely small objects (e.g.,
windmills) or complex overlapping boxes (e.g., jellyfish and
buses). Under these challenging conditions, existing com-
peting methods exhibit the same limitations, highlighting
the need for more robust counting and occlusion modeling.
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Figure 4. Visualization results of core components ablation.

Layout GTReduced SA Reduced PI PI-SA Swap Rand. Init. Full ModelFixed K-Means

Figure 5. Visualization results of multiple variants.

6. Discussion and Limitations
First, our framework inherits the spatial resolution bottle-
neck of UNet-based models. Operating within a compressed
latent space makes conditioning tiny spatial regions funda-
mentally challenging, as features for minute objects can
collapse into less than a single pixel. While our disentan-
gled design enhances fine-grained control, it cannot entirely
bypass this physical encoder limitation, leading to count
mismatches and geometric distortions under extreme scales.

Additionally, our framework utilizes pre-trained external
modules like DINOv2 (Oquab et al., 2024) and Grad-CAM
(Lin et al., 2023). While leveraging such external priors is a
pragmatic practice to mitigate domain shift under extreme
data scarcity, it introduces prior knowledge that limits the
overall self-sufficiency of the approach. Future research
could explore more self-contained disentanglement mecha-
nisms that exclusively rely on the internal representations
of the diffusion model to further reduce these dependencies.

Finally, our empirical validation focuses on the UNet-based
Stable Diffusion v1.5 rather than recent Diffusion Trans-
formers (DiTs) (Peebles & Xie, 2023; Esser et al., 2024;
Labs, 2024). Our primary objective is to rigorously verify
the proposed representation disentanglement mechanism it-
self. SD1.5 serves as a transparent testbed where its mature
cross-attention mechanism clearly isolates the contribution

Layout

GT

GT CAM

t=999 t=897 t=795 t=693 t=591 t=489

t=387 t=285 t=183 t=81 t=0 Gen.

t=999 t=897 t=795 t=693 t=591 t=489

t=387 t=285 t=183 t=81 t=0 Gen.

w/o
CS

w/
CS

Figure 6. Visualization results of Class Activation Maps (CAMs)
with and without CS across varying inference timesteps t.

Layout MIGC CC-Diff CC-Diff++ Ours GT

Figure 7. Visualization results of failure cases.

of our approach. Furthermore, its manageable scale enables
the extensive multi-run fine-tuning necessary for statisti-
cally reliable few-shot validation. In contrast, fine-tuning
10B+ parameter DiTs remains computationally prohibitive.
While our framework operates at the representation level
and shows potential compatibility with Transformer back-
bones, extending it to DiTs requires redesigning spatial con-
ditioning mechanisms to align with distinct sequence-based
attention structures. We leave this architectural adaptation
and the associated retraining requirements for future work.

7. Conclusion
In this paper, we identify representation fragmentation as
the primary bottleneck in few-shot atypical L2I generation.
To address this, we propose a representation-driven frame-
work that resolves granularity mismatches by disentangling
semantics from visual primitives. Extensive experiments
demonstrate that our method consistently outperforms ex-
isting L2I approaches in fidelity and alignment under the
5-shot setting across various atypical domains. These results
underscore the effectiveness of our disentanglement strategy
in stabilizing generation for data-scarce atypical scenarios.
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Appendix

A. Dataset Configurations
In this section, we provide a comprehensive description of how the DIOR, RUOD, and ExDark datasets were adapted for
the few-shot layout-to-image generation task. While we strictly adhered to the original training and testing splits of each
benchmark to ensure fair comparison, we reorganized the internal data distribution based on the semantic categories of the
foreground objects. The specific partition strategies and data curation protocols are detailed below.

A.1. Semantic Category Partitioning

To facilitate few-shot learning, we partitioned the label space of each dataset into disjoint base and novel sets (Cbase and
Cnovel).

For the DIOR dataset, the semantic space is divided such that Cbase comprises 15 categories, including vehicle, baseballfield,
groundtrackfield, bridge, overpass, ship, airplane, tenniscourt, expressway-service-area, basketballcourt, stadium, storage-
tank, expressway-toll-station, golffield, and harbor. Conversely, the Cnovel set consists of windmill, airport, chimney, dam,
and trainstation.

Regarding the RUOD dataset, we designate holothurian, echinus, scallop, starfish, fish, and diver as the base categories,
while reserving corals, cuttlefish, turtle, and jellyfish as the novel categories for few-shot adaptation.

Finally, for the ExDark dataset, the category split assigns bicycle, boat, bottle, car, cat, chair, cup, and people to the base
set, with bus, dog, motorbike, and table constituting the novel set.

Table 6. Statistics of the adapted datasets after filtering. We report the number of images available for the base (aggregated) and novel
(per-category) splits in both the training and testing sets. Note that images containing multiple distinct novel categories were excluded.

DATASET SPLIT TYPE CATEGORY # TRAIN # TEST

DIOR

BASE (15 CLASSES) AGGREGATED 4449 N/A

NOVEL

AIRPORT 241 447
CHIMNEY 121 256
DAM 203 379
TRAINSTATION 160 332
WINDMILL 403 803

RUOD

BASE (6 CLASSES) AGGREGATED 4419 N/A

NOVEL

CORALS 138 58
CUTTLEFISH 949 394
JELLYFISH 342 124
TURTLE 743 309

EXDARK

BASE (8 CLASSES) AGGREGATED 1740 N/A

NOVEL

BUS 95 99
DOG 135 383
MOTORBIKE 62 68
TABLE 58 54

A.2. Data Curation and Protocol

To ensure a rigorous evaluation setting where the definition of “K-shot” is statistically precise, we implemented a strict
filtering strategy dependent on the co-occurrence of object categories within a single image.

First, images containing exclusively base category objects were retained to construct the base training set, which is utilized
during the initial base training phase. Second, to prevent information leakage and ensure a clear separation between known
and unknown concepts, any images containing a mixture of both base and novel foreground objects were systematically
discarded. Third, we excluded images containing objects from multiple different novel categories simultaneously. This
exclusion is necessary because the presence of overlapping novel categories renders the K-shot statistics ill-defined;
specifically, it becomes impossible to uniquely assign such an image to the discrete instance count of a single category,
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thereby complicating the precise tracking of the K-shot budget. Note that images containing multiple instances of the same
novel category are retained.

During the novel fine-tuning phase, we sample the training data from the filtered novel candidates using specific random
seeds, strictly selecting exactly K images per category to adhere to the K-shot constraint. Subsequently, during the inference
phase, to maintain computational feasibility without sacrificing statistical significance, we randomly sample 50 layout
conditions for each novel category from the novel test set, again controlled by specific seeds to ensure reproducibility. The
quantitative statistics resulting from this reorganization are summarized in Table 6.

B. Detailed Experimental Configurations
To ensure full transparency and a fair comparative environment, we systematically document the fine-tuning mechanics
and hyperparameter configurations applied to our proposed method and the evaluated baselines (MIGC, CC-Diff, and
CC-Diff++). We deliberately avoided baseline-specific hyperparameter tuning to maintain a rigorously controlled setting.
Instead, foundational hyperparameters were inherited directly from standard Stable Diffusion v1.5 training scripts and the
respective baselines’ default configurations, ensuring all methods were evaluated in their native optimization environments.
All models underwent an identical base training phase and were subsequently exposed to the same few-shot adaptation
protocol.

During the novel phase fine-tuning, all methods were subjected to identical global optimization constraints, specifically
utilizing 100 fine-tuning steps and full-batch updates. Preliminary empirical investigations indicated that fewer steps
generally result in underfitting, whereas exceeding 100 steps yields diminishing returns or slight degradation. Thus, 100
steps serve as an optimal, neutral checkpoint that balances concept adaptation with representation stability. Furthermore,
under the extreme 5-shot constraint, utilizing a full-batch update is crucial to minimize gradient variance. This provides a
stable optimization direction and prevents noisy updates that would otherwise severely destabilize the training process for
all models.

Under these strictly consistent settings, the only method-specific hyperparameter adjustments, such as the 100× learning
rate multiplier for gating parameters η and γ, the regularization coefficient λ = 0.1, and the sensitivity threshold µ = 0.95,
are exclusively tied to our newly introduced disentanglement modules. Since the baseline methods lack these specialized
architectural components, they naturally do not require these parameters. The performance gap observed under this
unified protocol ultimately reflects the vulnerability of inherently coupled baseline architectures under extreme few-shot
pressure, further validating the robustness of our proposed framework. A comprehensive summary of the exact experimental
configurations is provided in Table 7.

Table 7. Detailed hyperparameter settings for base training and few-shot fine-tuning across all evaluated methods.

HYPERPARAMETER CATEGORY HYPERPARAMETER NAME VALUE APPLIED TO

GLOBAL OPTIMIZATION
(SHARED) OPTIMIZER ADAMW ALL METHODS

BASE LEARNING RATE 1 × 10−4 ALL METHODS
RESOLUTION 512 × 512 ALL METHODS

(BASE PHASE ONLY) TOTAL EPOCHS 100 ALL METHODS
EFFECTIVE BATCH SIZE 320 ALL METHODS

(NOVEL PHASE ONLY) FINE-TUNING STEPS 100 ALL METHODS
EFFECTIVE BATCH SIZE FULL NOVEL SET ALL METHODS

PROPOSED MODULES
GATING LR MULTIPLIER (η, γ) 100 × OURS ONLY
REGULARIZATION COEF (λ) 0.1 OURS ONLY
SENSITIVITY THRESHOLD (µ) 0.95 OURS ONLY
PRIMITIVES ITERATIONS (NITER ) 50 OURS ONLY
NUMBER OF PRIMITIVES (s) 128 OURS ONLY

INFERENCE
SCHEDULER EULERDISCRETE ALL METHODS
DENOISING STEPS 50 ALL METHODS
CFG SCALE 7.5 ALL METHODS
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C. Computational Efficiency Analysis
Table 8 presents a comprehensive comparison of model complexity and inference efficiency between our proposed method
and competing methods. We evaluate the models based on the number of trainable parameters, inference latency, and peak
GPU memory usage. To ensure a fair comparison, all efficiency metrics were measured on a single NVIDIA GeForce
RTX 4090 GPU. Specifically, we report the average inference latency (measured in seconds per image) for continuously
generating 100 images at a resolution of 512 × 512, alongside the peak GPU memory usage observed during this process.

As shown in the table, our method achieves a superior trade-off between computational efficiency and generation quality.
In terms of model size, our approach utilizes 182.65M trainable parameters, which is significantly more lightweight than
CC-Diff (332.09M) and comparable to CC-Diff++ (168.68M).

Most notably, our method demonstrates exceptional inference speed, requiring only 6.17 seconds per image. This represents
a significant acceleration compared to other state-of-the-art methods, which range from 8.31 to 8.47 seconds per image.
Although our approach incurs a marginal increase in peak GPU memory usage (10.24 GB), this cost is justified by the
substantial improvements in layout controllability and image fidelity, as evidenced by the state-of-the-art mAP and FID.

Table 8. Comparison of trainable parameters, inference latency, and peak GPU memory usage, along with performance on DIOR.

METRIC MIGC (2024) CC-DIFF (2024) CC-DIFF++ (2025C) OURS

TRAINABLE PARAMETERS (M) 57.50 332.09 168.68 182.65
INFERENCE LATENCY (SECONDS PER IMAGE) 8.39 8.47 8.31 6.17
PEAK GPU MEMORY USAGE (GB) 7.47 9.89 9.50 10.24

MAP (%) ↑ 22.75± 0.77 24.91± 0.77 24.63± 0.84 26.06± 0.89
AP50 (%) ↑ 51.73± 1.35 55.27± 1.40 54.60± 1.44 57.22± 1.30
AP75 (%) ↑ 16.14± 0.98 19.21± 0.97 18.71± 1.08 20.46± 1.15
FIDBOOT ↓ 89.20± 0.93 82.51± 0.86 82.62± 0.95 74.34± 0.95

D. More Qualitative Comparisons
Figure 8, Figure 9, and Figure 10 present more qualitative comparisons with competing methods. These datasets cover
diverse and challenging scenarios, including aerial views and low-light conditions, which test the generalization ability
of the models. As illustrated in Figure 8, our method exhibits superior detailed synthesis compared to the baselines. We
observe that our model generates chimneys with better structural integrity, airports with precise spatial alignment, and train
stations with rich textural diversity. Moreover, it captures semantically plausible dams and ensures accurate object counts
of windmills. These advantages are consistently observed across Figure 9 and Figure 10. These additional visualizations
consistently align with the quantitative results reported in the main paper.
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Layout MIGC CC-Diff CC-Diff++ Ours GT
Figure 8. More Qualitative comparisons under the 5-shot setting on aerial domains.
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Layout MIGC CC-Diff CC-Diff++ Ours GT
Figure 9. More Qualitative comparisons under the 5-shot setting on underwater domains.
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Layout MIGC CC-Diff CC-Diff++ Ours GT
Figure 10. More Qualitative comparisons under the 5-shot setting on extreme dark domains.
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