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ABSTRACT: Multi-instance image generation remains a challenging task in the field of computer vision. While exist-
ing diffusion models demonstrate impressive fidelity in image generation, they often struggle with precisely controlling
each object’s shape, pose, and size. Methods like layout-to-image and mask-to-image provide spatial guidance but
frequently suffer from object shape distortion, overlaps, and poor consistency, particularly in complex scenes with
multiple objects. To address these issues, we introduce PolyDiffusion, a contour-based diffusion framework that encodes
each object’s contour as a boundary-coordinate sequence, decoupling object shapes and positions. This approach allows
for better control over object geometry and spatial positioning, which is critical for achieving high-quality multi-
instance generation. We formulate the training process as a multi-objective optimization problem, balancing three
key objectives: a denoising diffusion loss to maintain overall image fidelity, a cross-attention contour alignment loss
to ensure precise shape adherence, and a reward-guided denoising objective that minimizes the Fréchet distance to
real images. In addition, the Object Space-Aware Attention module fuses contour tokens with visual features, while a
prior-guided fusion mechanism utilizes inter-object spatial relationships and class semantics to enhance consistency
across multiple objects. Experimental results on benchmark datasets such as COCO-Stuft and VOC-2012 demonstrate
that PolyDiffusion significantly outperforms existing layout-to-image and mask-to-image methods, achieving notable
improvements in both image quality and instance-level segmentation accuracy. The implementation of PolyDiffusion
is available at https://github.com/YYYYY]S/PolyDiffusion (accessed on 06 August 2025).
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1 Introduction

In recent years, diffusion-based generative models [1] have advanced rapidly, achieving state-of-the-art
fidelity in image, video, and 3D modeling, gradually superseding traditional GANs [2]. However, text-to-
image diffusion approaches [3,4] still struggle with multi-instance scenes: a single textual prompt provides
only global guidance, leaving per-object details—shape, pose, and spatial arrangement—underconstrained.
As aresult, multi-object generation must be formulated as a multi-objective optimization problem, balancing
overall image fidelity with individual instance constraints.

Layout-to-image methods [5] address part of this challenge by using bounding-box layouts and class
labels to enforce coarse spatial positioning. LayoutDiffusion further improves multimodal fusion between
layout and image features, yielding more coherent object placement. However, reliance on high-level
layout diagrams still falls short of fine-grained shape control and inter-object consistency in complex
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scenes. For instance, text-to-image or layout-to-image methods often suffer from issues like object shape
distortion, spatial overlap, and semantic inconsistency when generating multiple objects simultaneously.
These problems arise because layout diagrams provide only high-level semantic guidance without fine-
grained constraints, which limits the generation of realistic multi-object scenes. Specifically, in many cases,
objects may overlap in the generated scene, or the shapes of the objects may become distorted due to the
lack of precise control over their spatial relationships. Moreover, semantic inconsistencies arise when objects
with similar categories or spatial proximity are generated, leading to unrealistic or poorly placed objects.

To illustrate, Contour Wavelet Diffusion [6] introduces a fast image generation method using wavelet
transforms, which improves efficiency while maintaining image quality. However, this method still faces
challenges when generating multi-object scenes due to the limited control over object layout and interactions.
Similarly, Unicontrol [7] is a representative work that supports multiple control signals for controllable visual
generation. While it enables flexible multi-task learning, its focus is on broader control, lacking the precise
instance-level control required for multi-object generation.

In contrast, we propose PolyDiffusion, a multi-objective optimized contour-to-image diffusion frame-
work that addresses these challenges. By encoding detailed object contours as closed-loop boundary
sequences, PolyDiffusion offers precise control over the shape, size, and placement of multiple objects in
a scene. This allows for better spatial consistency and object interaction, overcoming the limitations of
previous methods that struggle with complex object layouts. Through the introduction of multi-objective
optimization, PolyDiffusion refines contour-to-image generation by incorporating both global and local
constraints, providing higher fidelity and flexibility in multi-object image generation.

Our approach builds on the foundation of layout-to-image and mask-to-image generation methods,
unifying them into a flexible framework. Specifically, the input for layout-to-image generation consists of a
set of bounding boxes and class labels for the objects within the scene, while the input for mask-to-image
generation is usually text and shape descriptions. We noticed that InstanceDiffusion [8] works very similar
to ours. In our task, the mask of each object is described as a polygon sequence, and the layout diagram, as
a simpler 2D box, can be easily extended to represent polygon sequences. In contrast, much of the current
non-text-to-image generation research is limited to single-object image generation, rather than focusing on
generating images with multiple objects. Our goal is to use more flexible control conditions to guide the
generation of multi-object images.

The core contributions of PolyDiffusion are as follows:

«  Polygon Diffusion Model for Multi-Object Generation: We introduce a polygon diffusion model that
builds on the layout-to-image framework, transforming contour maps into image-generating objects.
This model decouples multiple objects, enabling the generation of high-quality, diverse images with
precise control over the position, size, and shape of each object.

« Spatial Relationship Modeling via Contour Representation: We propose a contour point coordinate
representation based on circular relative position encoding, which combines shape and spatial informa-
tion to better capture an object’s geometric features. By placing the contours of different objects within
a unified coordinate system, the model enhances the understanding of spatial relationships between
objects, improving the overall image quality.

« Unified Control of Global Conditions and Object Details: To facilitate interaction between objects, we
introduce CFM modules that enable contextual perception based on object distance and class similarity.
Additionally, we achieve seamless contour-image fusion using object-aware and position-sensitive
design. A novel alignment loss is introduced to ensure consistency between conditions and generated
objects, and further fine-tuning of the final denoising step enhances the quality of the generated images.
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Through these innovations, PolyDiffusion sets a new standard for contour-to-image generation, pro-
viding precise, flexible control over multi-object scenes and addressing challenges that have limited the
effectiveness of previous methods.

2 Related Work

The related work is mainly introduced from the aspects of diffusion models and image generation.
Image generation is a critical task in computer vision. A range of works has been proposed, from early GAN
series [2,9,10] to VAE series [11] and stream model series.

Recently, advances in image generation based on diffusion models have led to significant progress, with
text-to-image generation standing out as one of the most advanced applications. This success is largely due
to the availability of large-scale text-image pair datasets, which are much easier to collect compared to other
types of data. The development of models like CLIP [12] has enabled diffusion models to achieve remarkable
results in this field. While text-image data remains the most abundant, there is also ongoing work exploring
other conditions beyond text-to-image, such as layout-to-image [13], pose-to-image, depth map-to-image,
and mask-to-image [14-16].

LayoutDiffusion is a controllable diffusion framework designed specifically for layout-to-image gener-
ation. By transforming the complex fusion of layout and image data into a unified structural representation,
LayoutDiffusion improves both generation quality and controllability. Unlike traditional methods, it offers
precise control over object placement and size while maintaining high image quality [17]. Similarly, Smart-
Mask is a context-aware diffusion model developed to enhance object insertion and layout generation. This
model eliminates the need for masks, enabling precise object placement, and supports iterative refinement
for fine-grained layout generation. By preserving background content and offering better control over object
placement, SmartMask further advances semantic-to-image generation [18].

In addition to these methods, Contour Wavelet Diffusion [6] introduces a fast image generation method
using wavelet transforms, improving efficiency while maintaining image quality. It accelerates training and
inference with batch-normalized stochastic attention and a balanced loss function. In contrast, PolyDiffusion
focuses on precise control over object placement and layout in multi-object scenes. While Contour Wavelet
Diffusion emphasizes efficiency, PolyDiftusion excels in handling complex object interactions, offering better
control and higher fidelity in multi-object image generation.

Unicontrol is one of the most representative works in recent years, proposing a unified diffusion model
for controllable image generation. It supports multiple control signals and enables multi-task learning in a
zero-shot setting [7]. In contrast, PolyDiffusion focuses on contour-to-image generation, providing precise
control over object layout and spatial structure, particularly in multi-object generation, where it offers higher
accuracy and flexibility.

While Transformer-based methods, such as Vision Transformers (ViT) [19] and Swin Transform-
ers [20], have demonstrated success in handling long-range dependencies in image generation tasks,
PolyDiftusion focuses on leveraging contour-based representations to offer more precise control over
object shapes and spatial relationships. This makes our approach particularly well-suited for multi-object
generation, where managing object interactions and maintaining spatial consistency are crucial.

Our work lies somewhere between layout-to-image and mask-to-image generation, or our approach
somewhat unifies the two. Specifically, the input for layout-to-image generation consists of a set of bounding
boxes and class labels for the objects within the scene, while the input for mask-to-image generation is usually
text and shape descriptions. We noticed that InstanceDiffusion [8] works very similar to ours. In our task,
the mask of each object is described as a polygon sequence, and the layout diagram, as a simpler 2D box,
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can be easily extended to represent polygon sequences. In contrast, much of the current non-text-to-image
generation research is limited to single-object image generation, rather than focusing on generating images
with multiple objects. Our goal is to use more flexible control conditions to guide the generation of multi-
object images.

3 Method

In this section, we present our Poly Diffusion, as shown in Fig. 1. The whole framework is mainly
composed of 6 parts. (a) Contour Representation: Preprocessing and encoding of contour and category
inputs. (b) Contour Fusion Module: Encourages more interaction between contour objects. (c) Global
Information Injection: Adds global information representing contour diagrams to image features at different
resolutions. (d) Contour Position Encoding: Treats image patches as square object contours, incorporating
their position and shape information into a unified space, replacing traditional position encoding. (e) Object
Space Awareness: Fusion of image and contour features without losing any token information, while utilizing
self-attention layers to encourage interaction between different patches. (f) Objective function: The final
objective function is constructed based on alignment loss.
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Figure 1: Illustration of the PolyDiffusion framework. The model jointly optimizes three objectives—denoising fidelity,
contour alignment, and reward-driven refinement—to achieve precise control over multi-instance image generation

Each component plays a crucial role in achieving the goals of Poly Diffusion, from enhancing inter-
action between contours to incorporating global information and ensuring consistency in the diffusion
process. The following subsections delve into the details of each component, elucidating their contributions
and functionalities.

3.1 Contour Representation

We built this module inspired by Polyformer [21]. A contour, denoted as C = {0y, 05, Os,...,On},
is a collection of N objects, where each object is represented as O; = {p;,c;}. The set p; =
{(x1,31), (x2,2),...,(x1, y1)} represents the polygon sequence of the object’s contour using relative
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coordinates. The set P = {py, p,..., pn} is the collection of contour polygon sequences without the object
categories c. Here, | denotes the number of contour points for each object.

Contours encode both object shape and position, offering richer structural detail than simple layout
boxes. Unlike traditional bounding boxes or masks, which only provide coarse spatial information, contour
representations capture the full geometric structure of each object. This allows PolyDiffusion to achieve
precise control over the shape, size, and placement of multiple objects within a scene. To construct contour
sequences b;, we extract them from the dataset and interpolate them to a fixed length N, using placeholder
representations 0; = {b;, ¢;} for the global image and o, = {b,c,} for objects without explicit contours.
This process yields a unified set ¢ containing N labeled contour instances. By decoupling object shapes
from their spatial positions, contour representations enable better management of spatial relationships, thus
overcoming the limitations of traditional methods that often struggle with shape distortion, spatial overlap,
and semantic inconsistencies, particularly in complex multi-object scenes.

To mitigate starting-point ambiguity, each sequence is preprocessed to begin at the point nearest to
the upper-left corner. Given the ring-like structure of contours, we introduce two encoding strategies: (1) a
relative-position-based encoder incorporating self-attention for intra-contour relations and cross-attention
for class-contour interaction, and (2) Rmamba, a cyclic scan module inspired by SimBA, designed to reduce
the quadratic complexity of attention. We implement Rmamba by processing cyclically shifted sequences
through shared-weight Mamba modules and aggregating the outputs, as shown in Fig. 2.
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Figure 2: Rmamba consists of standard mamba blocks and a cyclic scan and EinFFT module

The contour encoding process treats each point (x;, y;) as a token, and prepends a center token v =
(x, y) representing the overall spatial context of the contour. This token is not part of the polygon itself but
provides global shape information. The resulting sequence of [ + 1 tokens consists of one global token and
I contour point tokens. All points are projected into the embedding space via a shared linear layer. A ring-
style relative positional embedding is added to the contour tokens to encode local structural order. The full
sequence is then processed by the contour encoder.

For the class encoder, a simple linear layer W, € R™ is implemented. By adding class features and
contour features in the channel dimension, a comprehensive embedding L containing contour and class
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information is obtained. The constructions are as follows:

L=B+C ey
C=cW. (2)
B=CEM((Px Wz)+R,C) 3)

To ensure effective structural encoding, we pre-train the Contour Encoder Module (CEM) on three
contour-related tasks: (1) contour sequence reconstruction, (2) target frame prediction from contour input,
and (3) object classification. We adopt a random masking mechanism that ignores specific coordinate tokens
during attention calculation, enabling self-supervised learning without external labels.

Through these tasks, CEM learns not only the geometric structure of the contour but also contextual
associations between the contour and the expected object appearance. This facilitates high-level semantic
reasoning, which is critical for size-aware and location-aware image generation. Furthermore, the masking
mechanism introduces controlled contour deformations, encouraging the model to develop robustness to
incomplete or noisy contour inputs.

3.2 Contour Fusion Module

At this stage, each contour object is considered in isolation, lacking direct connections to other contour
objects. To encourage interaction between different objects, we leverage the proximity of their centers within
the image as an indicator of their relational closeness. Specifically, the closer the center points of two objects,
the stronger the implied relationship between them. We aim to explicitly enhance this relationship.

Firstly, we calculate the original Attention Weight. Let the input token sequence be L = (O, O, ..., O,),
and for each token Oj, we compute its original attention weight for each other token O; as:

o= Softmax(Q(0;) x K(0:)™)
i = v

We then adjust these weights based on a prior relationship graph. The distance between the center points
of two objects is used to create an n x n relationship graph R, where R;; represents the prior correlation
between O; and O;. The adjusted attention weights are then given by aj; = aj; x (1+ A x R;;), with A being
a tunable parameter that governs the impact of prior knowledge. After this adjustment, the weights are re-
normalized.

(4)

This method models the strength and weakness of relationships between objects using a heuristic
approach. We believe that the approach is versatile and not limited to the distance between the center points
of two objects. As an example, in scenarios with prominent occlusion, the approach relying on the IOU
(Intersection over Union) value of object frames can be readily applied to gauge the intensity of occlusion
between two objects.

The comprehensive embedding is then fed into the Contour Fusion Module, constructed from a multi-
layer self-attention module. During the calculation of self-attention, the attention is adjusted according to
prior knowledge. This module facilitates the fusion of contour features, incorporating relational information
based on the proximity of object centers.

3.3 Global Information Injection

The Contour Fusion Module (CFM) is designed to aggregate contour-guided global and local represen-
tations into the image generation pathway. Specifically, we designate its first token Oj as a global contour
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token that encodes the holistic structure of the input layout, while the remaining tokens correspond to
individual object-level features.

To inject global structural priors into the image generation process, we propose a conditioning strategy
that directly adds the projected global token to multi-resolution image features. Furthermore, to incorporate
temporal awareness within the denoising process, we linearly combine the time step ¢ with the global token,
forming the final conditioning vector. This operation is formally defined as:

I'=1+0O/W +t (5)

where W is a learnable projection matrix, and I’ denotes the image feature modulated by global contour con-
text.

The resulting feature I' is embedded into the image generator using adaptive layer normalization [22],
enabling hierarchical control at different levels of resolution. By injecting globally structured contour
information, CFM enhances semantic consistency across instances and improves spatial alignment between
contour guidance and visual synthesis. This module is crucial for enabling fine-grained instance control while
maintaining coherence in layout-driven image generation.

3.4 Contour Position Encoding

The contour map inherently encapsulates spatial information, making it a pivotal component for
integrating the spatial position, shape, and size of objects with image features. Rather than relying on generic
positional embeddings, we propose a contour-aware strategy that encodes object-level structure directly
from annotated boundaries.

Specifically, we treat each image patch as a square region associated with its corresponding contour
coordinates. This allows contour tokens and patch tokens to share a unified spatial frame, enabling structural
features to interact directly with visual features under the same coordinate system. This approach effectively
replaces traditional position encoding with contour-based geometric guidance.

Let I represent the feature map of the image with height h, width w, and channel dimension d. For a
patch located at the u-th row and v-th column, denoted as I(u,v), we uniformly sample I points from its
contour to define a boundary set:

Suv = {my,my,...,m}, mi:{ﬁ,&} (6)
w h
This contour-based spatial encoding offers object-aware priors that reflect real-world structure, beyond
the scope of simple coordinate indexing. By grounding positional semantics in actual boundary geometry,
the model gains a more faithful understanding of spatial layout, which promotes better structure retention
and spatial coherence in the generation process.

3.5 Object Space Awareness

Cross-attention and adaptive layer normalization have become standard in conditional generation.
Following DIT [4], we adopt cross-attention due to its effectiveness in computing alignment loss. In
text-to-image tasks, the first token often encodes global semantics but neglects individual token detail.
This limitation is critical in contour-to-image generation, where each token carries distinct object-level
information (shape, position, attributes); losing it risks pixel-level generation errors.

Object Space Awareness (OSA) is designed to aggregate two modes of information without losing
any token information. By combining self-attention and cross-attention mechanisms, OSA enhances both
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vertical and horizontal learning, ensuring that each object’s spatial relationships and contextual information
are preserved. To encourage interaction among different image patches, we first perform self-attention
calculations within each patch, capturing the local structure and spatial coherence. This is followed by cross-
attention calculations to allow the model to learn interactions between different image patches and objects,
ensuring that spatial relationships between objects are maintained. By incorporating both self- and cross-
attention, OSA ensures that each object’s shape, position, and context are correctly aligned, thus improving
spatial consistency and object interaction in complex multi-object scenes. This dual attention mechanism
plays a crucial role in maintaining object-level semantics and structure fidelity during generation.

Specifically, we calculate Sq, Sk, Sy on image patches to define O’ as follows:

SQ = (D(QI’PI) (7)
Sk = ®(Ky, Pr) (8)
Sy=V; )

o - Softmax(Sq - S§) s,

Vd

Here, Qr, K, and V; represent Q, K, and V of image features, respectively, and @ denotes concatenation
on the channel dimension. Their structures are defined as:

(10)

Qr, K;, V; = Conv(Norm(I)) (11)

P; and P represent the image patch contour embedding and object contour embedding, constructed
as follows:

U = CEM(I) (12)
P=U-Wp (13)
P, =B-Wp (14)

where Wp ¢ R%*? Next, we calculate the cross-attention of image patches and contour embeddings,
obtaining the definitions of C, Ck, and Cy of O:

Cq = ®(Qu, Pr) (15)
Ck = ©(Ky, Pr) (16)
Cy =V (17)

Softmax(Cq - CY)
Vd
O=CA-Cy (19)

CA = (18)

Finally, K} and V}, represent K and V of global contour embeddings, respectively. Qu represents the
image patch after self-attention calculation, constructed as follows:

K = Conv(L") (20)

V1, = Conv(Norm(C)) (21)
Qu = Conv(Norm(0")) (22)
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Here, CA is the cross-attention map, and all the CA of different sizes from various cross-attention layers,
namely 8 x 8,16 x 16, 32 x 32, are collected. The average cross-attention graph is calculated and normalized,
followed by aggregation across multiple layers. Subsequently, it is converted to an approximately binary mask
CA using a differentiable sigmoid function, and the DiceLoss with the real mask masky is computed. This
additional loss is then integrated into the final loss function.

The form of its loss function is as follows:
L, = Dice(CA, maskr) (23)
where CA is defined as follows:
CA = LogisticFun(CA) (24)
CA= zbj a;Up(CA)) (25)
i=8

where CA; represents the cross attention graph with feature scale i.

OSA enhances the alignment between contour tokens and image patches by combining self-attention
and cross-attention. This improves spatial precision during generation. The additional alignment loss
further enforces contour-image consistency, making OSA essential for preserving object-level semantics and
structure fidelity.

3.6 Objective Function

We employ a multi-objective optimization strategy, jointly optimizing three key losses via weighted
summation: denoising diffusion loss for global fidelity, contour alignment loss for shape preservation, and
reward-guided consistency loss (minimizing Fréchet distance) for semantic refinement. This balance ensures
high-quality image generation with precise object-level control. PolyDiffusion thus effectively handles
complex multi-object scenes without complex Pareto or game-theoretic modeling, offering a robust solution
for multi-instance generation.

Diffusion Model: The diffusion model operates by progressively introducing noise to the image until
the original signal is reduced to full Gaussian noise. Reversing this process allows converting random noise
xr into an image [23]. The diffusion process is governed by a Gaussian distribution and exhibits Markovian
properties:

q(xelximr) = N (x5 V1= apxior, i) (26)
q(xix0) =N (xt;\/gxo, (1- [3})1) (27)

Here, ay, ..., ar form a fixed variance table, and we define f; := 1 - «; and /S_t := [1L_, Bs. The learning
process involves optimizing a denoising device x; ~ q(x:|x,) to recover the original image. This is achieved
by minimizing the loss function:

L(0)=Ec, [H €g (x,t)— € Hz] (28)
In our approach, conditions are incorporated to generate corresponding objective functions:

Ll = Ee,x,c,t [H €9 (xt) [0 t)_ € ”2] (29)
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We introduce a single-step reward refinement inspired by ControlNet++. After freezing the base model
post-initial training, we generate a clean sample x,, simulate one forward diffusion step to obtain mildly
noised X; ~ g(x; | x9), and optimize a reverse step to recover ¥,. With small noise ¢, this step approximates
true denoising. We integrate this as an auxiliary loss in a narrow fine-tuning window.

In the fine-tuning phase, provided that the added noise € is sufficiently small, it can be predicted that the
original image x| is equal to conducting one-step sampling on the perturbed image and merely performing
the last step of denoising x;. Finally, we follow ControlNet++ ’s bonus fine-tuning design:

L =£(Img,Irf1g) = L(Img,0(x, ¢, t)) (30)

Eventually, the loss consists of the diffusion training loss, the reward loss and the alignment loss:

(31)

L+ ML+ A Ls, if t < e,

L+ MLy, otherwise.
In order to improve the quality of image generation, we use the classifier-free guidance technology.
This method utilizes label condition guidance without a classifier, reducing training costs by combining
conditional and unconditional networks in a single model. During training, the guide signal ¢ is randomly
discarded. After training, by adjusting the guidance intensity A, the model can control the alignment degree
of the guidance signal with the sample.

To achieve this, we construct an empty set contour ¢4 containing the empty set contour point. During
training, the model contour is diffused, and with a fixed probability, the condition for c is replaced by cy.
During the sampling process, the image under contour conditions is sampled using the following formula:

€p(x1c,t) =€9 (Xp5¢,1) + - €9 (X1, Cpr 1) (32)

We adopt the layout diffusion as the model backbone, a standard Unet network built using Resnet
and transformer.

4 Experiments

We conduct our experiments based on the layout-to-image framework, LayoutDiffusion, using the
following setup: the experiments are performed on a machine with 4 NVIDIA 3090 GPUs, running on
Python 3.8 with PyTorch version 1.10.1, Torchvision 0.11.2, and Torchaudio 0.10.1. The CUDA Toolkit used is
version 11.3, and the random seed for all experiments is set to 2024 to ensure reproducibility.

4.1 Datasets and Enhancement

We constructed our training and validation sets from the COCO-Stuff [24] and PASCAL VOC 2012 [25]
benchmarks. From COCO-Stuff, we selected images exhibiting one to nine clearly delineated, non-facial
object instances, yielding 28,292 training images and 1682 validation images; of these, 18,794 contained
no human subjects. To maximize diversity while excluding portrait-centric scenes—given the specialized
requirements and abundant data typically needed for high-fidelity face generation—we supplemented our
non-human subset with images containing a single person alongside three to nine other objects. Our training
protocol consisted of two phases: (1) an initial pass over the full COCO-Stuft dataset, and (2) a fine-tuning
stage using only the “no-people” subset. We further applied standard data augmentation—random horizontal
and vertical flips—to all images and their corresponding contour representations.
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Notably, in order to strengthen the model’s understanding of contours and boost its robustness in
handling contour-related conditions, we specifically applied data augmentation to contour representation.
After fixing the sequence of points to a predetermined length of /, we introduced random offsets to some
points, allowing the contours to deform slightly.

4.2 Evaluation Metrics

We evaluate the performance of our model using several standard metrics. Fréchet Inception Distance
(FID) measures the similarity between generated and real images by comparing their feature distributions
using Inception V3. The Inception Score (IS) assesses the quality and diversity of generated images by
evaluating the entropy of class and conditional distributions, also using Inception V3. Additionally, we use
the Classification Accuracy Score (CAS) to evaluate the classifier’s performance on the generated images by
cropping and resizing ground truth bounding boxes and comparing them with real images through a trained
ResNet-101 classifier.

To evaluate object detection performance, we calculate Average Precision (AP) and Average Recall (AR).
These metrics compare instance masks from generated images with ground truth masks using YOLOv8m-
Seg and COCO metrics. These evaluation techniques provide a comprehensive assessment of both image
quality and instance-level generation precision.

4.3 Quantitative Results

As shown in Table 1, on COCO-Stuff at 128 x 128, PolyDiftusion reduces FID from 22.70 (PLGAN)
to 16.71 and improves IS to 1713 (vs. 12.20 for Grid2Im), a 40% gain. CAS reaches 45.22, up 3.7% over
LayoutDiffusion, while AP,k and AR,k improve by 5.11 and 1.95 over InstanceDiffusion.

Table 1: For COCO-Stuff, we sample 8 images per condition and report quantitative results at 128 x 128

COCO-Stuff: 128 x 128

Methods
FID l IST CAST AP ask T ARpask T
Grid2Im [26] 5950 12.20 4.05 - -
PLGAN [27] 22.70 1530 38.70 - -
InstanceDiffusion [8] - - - 48.62 36.71
LayoutDiffusion [17] 16.57 19.61 43.60 - -
Ours 16.71 1713  45.22 53.73 38.66

On VOC-2012 (128 x 128, Table 2), FID drops slightly to 15.94 and AP, increases to 54.72, outper-
forming LayoutDiffusion and InstanceDiffusion.

At 256 x 256 (Tables 3 and 4), COCO-Stuff FID improves to 15.56, IS to 25.14, CAS to 48.83, with
AP ask/ AR sk outperforming InstanceDiffusion by 11.5% and 3.0%. On VOC-2012, FID and APy, reach
17.56 and 52.17.

These results clearly demonstrate that, by jointly optimizing denoising fidelity, contour alignment, and
reward-driven refinement, PolyDiffusion achieves balanced and significant gains in image quality, diver-
sity, classification accuracy, and mask consistency—validating its superiority for complex multi-instance
image generation.
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Table 2: Quantitative results on VOC-2012 at 128 x 128 resolution

VOC-2012:128 x 128

Methods
FIDl' APmask T
Grid2Im [26] 53.28 -
PLGAN [27] 19.14 15.30
InstanceDiffusion [8] 16.32 51.54
LayoutDiffusion [17]  16.17 19.61
Ours 15.94 54.72

Table 3: Quantitative results on COCO-Stuff at 256 x 256 resolution

COCO-Stuff: 256 x 256

Methods
FID| ISt CASt APn.a« 1 ARpjask 1
Grid2Im [26] 65.20 15.70 4.81 - -
PLGAN [27] 29.10 18.60 37.65 - -
InstanceDiffusion [8] - - - 50.00 38.10
LayoutDiffusion [17]  15.61 2761 4774 - -
Ours 1556 25.14 48.83 55.73 39.25

Table 4: Quantitative results on VOC-2012 at 256 x 256 resolution

VOC-2012: 256 x 256

Methods
FID| APk 1
Grid2Im [26] 59.43 -
PLGAN [27] 21.33 -
InstanceDiffusion [8] 18.82 51.06
LayoutDiffusion [17] 1794 -
Ours 17.56 52.17

These consistent gains across resolutions demonstrate that by jointly optimizing denoising fidelity,
contour alignment, and reward-driven refinement, PolyDiffusion achieves balanced improvements in image
quality, diversity, classification accuracy, and mask consistency.

5 Qualitative Results

Fig. 3 shows the qualitative results of PolyDiftfusion, alongside a comparison with LayoutDiffusion.
Our experiments demonstrate that PolyDiffusion outperforms LayoutDiffusion in both image variety and
quality. While LayoutDiffusion generates diverse images, PolyDiffusion excels in maintaining high fidelity
and consistency across instances.

On the COCO-Stuft dataset, PolyDiffusion reduces FID from 22.70 to 16.71 and increases IS to 1713,

achieving a 40% improvement over Grid2Im. On the VOC-2012 dataset, FID drops to 15.94 and APmask rises
to 54.72, surpassing both LayoutDiffusion and InstanceDiffusion. At 256 x 256 resolution, COCO-Stuft’s
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FID improves to 15.56, IS increases to 25.14, and CAS reaches 48.83, with APmask improving by 11.5% over
InstanceDiftusion. These results highlight PolyDiffusion’s superiority in image quality and diversity.

LayoutDiffusion

LayoutDiffusion

Figure 3: Visualization of contour diffusion results. Each column shows the generated images under the same contour
conditions, with comparisons between PolyDiffusion and LayoutDiffusion

The generated images in Fig. 3 further validate PolyDiffusion’s ability to maintain high quality and
consistency in multi-object generation, avoiding object overlap and distortion. In contrast, LayoutDiffusion
struggles with shape distortion and spatial overlap in complex scenes.

Ablation Experiment

Tables 5 and 6 present ablation studies analyzing the contributions of individual components and their
combinations. Table 5 compares different contour encoders and reveals that while attention-based encoders
yield superior visual quality, Mamba-based methods—with linear complexity—offer a promising alternative
for fine-grained contour representations due to their significantly lower resource demands [28]. Table 6
examines the effect of contour point granularity and shows that a finer-grained contour representation,
achieved by increasing the number of contour points, improves the fidelity and accuracy of image generation,
though at the cost of greater computational and memory requirements. These findings confirm that robust
multi-instance image generation depends on the coordinated optimization of interaction priors, alignment
constraints, and reward-guided refinement objectives.

Table 5: Ablation study on COCO-Stuff at 256 x 256

CFM CEM OSA FID| ISt CASt APpnask T ARpask t

X v v 18.63 2292 4219 53.41 32.54
v X ve 17.47 1914  40.85 51.92 31.36
v v X 28.65 15.62  36.23 4713 26.45
v v v 15.56 2514  48.83 55.73 39.25
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Table 6: Impact of different profile-description granularities on model performance

Points 64 96 128  Variable-length

FID| 2143 18.64 15.56 17.62
ISt 1936 2321 25.14 23.71
APk T 5244 5431 5573 55.51
ARpask T 3813 3854 39.25 38.62

6 Conclusion

We introduced PolyDiffusion, a contour-based diffusion framework that achieves precise instance-level
control by jointly optimizing denoising fidelity, contour adherence, and reward-guided refinement. Extensive
evaluations on COCO-Stuff and VOC-2012 confirm that PolyDiffusion outperforms current layout-to-image
and mask-to-image methods in both image quality and instance precision.

Future work will focus on addressing PolyDiffusion’s limitations in generating very small or highly
fragmented objects, where low contour resolution and conflicts among objectives may impair fine structural
reconstruction. To enhance fine-grained generation, we will explore adaptive contour sampling, multi-
scale feature fusion, and instance-aware dynamic loss weighting. We also aim to support deployment in
Convergence ICT scenarios through lightweight refinement modules and federated learning strategies that
preserve user privacy and enable efficient edge—cloud collaboration.
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