The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

SeeDiff: Off-the-Shelf Seeded Mask Generation from Diffusion Models

Joon Hyun Park', Kumju Jo', Sungyong Baik ' 2f

! Dept. of Artificial Intelligence, Hanyang University, South Korea
2 Dept. of Data Science, Hanyang University, South Korea
{pjay258, juice0630, dsybaik } @hanyang.ac.kr

Abstract

Entrusted with the goal of pixel-level object classification, the
semantic segmentation networks entail the laborious prepa-
ration of pixel-level annotation masks. To obtain pixel-level
annotation masks for a given class without human efforts, re-
cent few works have proposed to generate pairs of images and
annotation masks by employing image and text relationships
modeled by text-to-image generative models, especially Sta-
ble Diffusion. However, these works do not fully exploit the
capability of text-guided Diffusion models and thus require a
pre-trained segmentation network, careful text prompt tuning,
or the training of a segmentation network to generate final an-
notation masks. In this work, we take a closer look at attention
mechanisms of Stable Diffusion, from which we draw con-
nections with classical seeded segmentation approaches. In
particular, we show that cross-attention alone provides very
coarse object localization, which however can provide initial
seeds. Then, akin to region expansion in seeded segmenta-
tion, we utilize the semantic-correspondence-modeling capa-
bility of self-attention to iteratively spread the attention to the
whole class from the seeds using multi-scale self-attention
maps. We also observe that a simple-text-guided synthetic
image often has a uniform background, which is easier to
find correspondences, compared to complex-structured ob-
jects. Thus, we further refine a mask using a more accurate
background mask. Our proposed method, dubbed SeeDiff,
generates high-quality masks off-the-shelf from Stable Dif-
fusion, without additional training procedure, prompt tuning,
or a pre-trained segmentation network.

Code — https://github.com/BAIKLAB/SeeDiff.git

Introduction

As one of fundamental tasks in computer vision, semantic
segmentation has a broad range of applications from medi-
cal imaging (Dolz, Desrosiers, and Ayed 2018; Oktay et al.
2018) to tracking (Yang et al. 2023). The applicability and
practicability of semantic segmentation have increased with
the emergence of neural networks for segmentation (Long,
Shelhamer, and Darrell 2015; Ronneberger, Fischer, and
Brox 2015). However, the training of semantic segmentation
networks is data-hungry in nature, entailing a large amount
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Figure 1: Comparisons against our baseline, DiffuMask (Wu
et al. 2023b) on the quality of a generated mask. To better
visualize the quality and accuracy of a generated mask, we
visualize a soft mask before discretization. We can see that
our proposed method SeeDiff produces more accurate masks
with sharp boundaries, compared to our baseline.

of fine-grained pixel-level annotation and even more so for
segmentation foundation models (1.1 billion masks across
11 million images). Such data-hunger nature can make the
training of segmentation networks laborious, thereby limit-
ing its practicability.

To reduce the annotation cost, several works have em-
ployed weakly supervised learning frameworks, where only
coarse labels (e.g., bounding boxes (Hsu et al. 2019), lines
or points (Lin et al. 2016), or image-level class labels (Ahn,
Cho, and Kwak 2019), etc.) are available. However, rely-
ing on such weak labels has led to task-specific complex de-
signs (Khoreva et al. 2016) and relatively low performance.

Alternatively, there has been efforts on generating syn-
thetic segmentation dataset consisting of image-mask pairs,
in order to remove human efforts for annotation. Early
works (Zhang et al. 2021; Li et al. 2022) have employed
the features of generative adversarial networks (GANs) to
generate synthetic data. However, these methods introduce
ad-hoc decoders that still require a few pixel-level annota-
tions for training.

Following the advances in generative models (Ho, Jain,



and Abbeel 2020) with the emergence of diffusion models,
few recent works (Wu et al. 2023b; Nguyen et al. 2023)
have shifted to using diffusion models to generate syn-
thetic segmentation datasets. They employ text-conditioned
diffusion models (e.g., Stable Diffusion (Rombach et al.
2022)), which can generate realistic images corresponding
to input texts and thereby allowing them to easily con-
trol image generation. In particular, previous works have
mainly focused on image-text relationships learned by cross-
attention layers. Such multimodal latent space allows them
to localize which image regions correspond to particular
texts/classes, resulting in mask generation. However, cross-
attention maps, which the previous works heavily rely on,
can provide very coarse masks. These coarse masks result in
prior works resorting to the utilization of a pre-trained seg-
mentation network trained with pixel-level annotations (Wu
et al. 2023b), careful text prompt tuning (Nguyen et al.
2023), or extra training procedures (Wu et al. 2023b;
Nguyen et al. 2023), which can result in poor quality masks
for new classes that are unknown during the pre-training
or additional training of segmentation networks and text
prompt tuning.

In this work, we perform an analysis on attention maps
produced by Stable Diffusion, in order to obtain high-quality
masks. Upon analysis, we claim that both cross-attention
layers and self-attention layers play crucial yet complemen-
tary roles. While cross-attention layers provide crude atten-
tion maps, cross-attention maps can serve as good starting
points for localizing objects of interests corresponding to
provided text. On the other hand, self-attention layers are
well-known for modeling correspondences, which can be
used to find other parts of the object that cross-attention
might have missed. We also note different characteristics of
self-attention across different layers: deeper layers provide
low-resolution attention maps with better semantic informa-
tion, while earlier layers give high-resolution fine-grained
attention maps with less semantic information, corroborat-
ing previous findings (Zeiler and Fergus 2013; Dosovitskiy
et al. 2021). We also observe that self-attention layers strug-
gle to find correspondences between all parts of the whole
object with non-homogeneous appearances, whereas self-
attention layers find more accurate correspondences within
background, which is usually uniform in a simple-text-
guided synthetic image.

Founded upon our observations from analysis, we draw
connections between the observed characteristics of at-
tention layers and classical seeded segmentation algo-
rithms (Zhang, Zheng, and Cai 2010). Seeded segmenta-
tion first finds seeds (initial starting pixels) and expand seg-
mentation masks to pixels that are similar to seeds. With
this realization, we propose a new off-the-shelf framework
named SeeDiff that draws inspiration from seeded segmen-
tation (Zhang, Zheng, and Cai 2010) to utilize attention
maps of Stable Diffusion to generate masks. In particular, we
localize a target class object that corresponds to a text, utiliz-
ing the cross-attention maps, which quantify text-image cor-
respondences. The coarse responses of the cross-attention
maps provide initial seeds, which are then used to find other
parts of the object. Such mask region expansion is performed
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by using self-attention maps that correspond to seeds to find
other missing parts of the object. We perform mask region
expansion iteratively, as the feature resolution increases, to
exploit semantic information from low-resolution features
and fine-grained details from high-resolution features. We
further refine a mask, using a background mask that can be
obtained by mask region expansion from background seeds
extracted from the inverted mask.

Experimental results demonstrate outstanding perfor-
mance of segmentation networks trained with our generated
image-mask pairs. The results underline the effectiveness
of our proposed approach in generating high-quality fine-
grained pixel-level annotations, without the need for a pre-
trained segmentation network, text prompt tuning, training a
new module, or learning procedures.

Related Works

Semantic Segmentation. Providing fine-grained yet essen-
tial information, semantic segmentation has gained attention
not only from high-level computer vision tasks (e.g., scene
understanding (Xiao et al. 2018)) but a broad range of other
domains, such as self-driving cars (Teichmann et al. 2016)
and medical image analysis (Dolz, Desrosiers, and Ayed
2018; Oktay et al. 2018). Since the emergence of deep neu-
ral networks (DNNGs), the performance has elevated with ad-
vances in neural network architecture designs (Long, Shel-
hamer, and Darrell 2015; Yu and Koltun 2016; Chen et al.
2016; Ronneberger, Fischer, and Brox 2015; Noh, Hong,
and Han 2015; Badrinarayanan, Kendall, and Cipolla 2015;
Sharma et al. 2020; Kipf and Welling 2017), especially with
transformers (Xie et al. 2021; Zheng et al. 2021; Cheng,
Schwing, and Kirillov 2021; Cheng et al. 2022) and founda-
tion models (Kirillov et al. 2023; Zou et al. 2023). However,
behind the exceptional performance of DNN-based segmen-
tation models lies a significant amount of human efforts
in collecting and annotating large-scale data required for
training DNNs. This is especially the case for transformer-
based networks and foundation models, which are known
for its data hunger (Kirillov et al. 2023). To make things
worse, segmentation networks require fine-grained pixel-
level annotations, making dataset preparation for training
even more laborious. To reduce the annotation cost of se-
mantic segmentation, several works have proposed to make
use of cheaper annotations, such as image-wise category la-
bels (Hsu et al. 2019), points/lines (Lin et al. 2016), and
bounding boxes (Ahn, Cho, and Kwak 2019). However,
these weak labels lead to performance degradation. As such,
recent models, such as SAM and Mask2Former, still use
pixel-level annotations to maximize performance.

Dataset Generation for Semantic Segmentation. To
minimize human efforts in collecting annotation, a line of
works have tried to borrow the data synthesis capability
of generative models to generate synthetic datasets consist-
ing of image-mask pairs. Early methods (Voynov, Moro-
zov, and Babenko 2020; Melas-Kyriazi et al. 2022; Zhang
et al. 2021; Li et al. 2022) employ generative adversarial
networks (GANs) (Goodfellow et al. 2014), where semantic
features from intermediate layers are extracted and passed
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Figure 2: Overall framework: (a) Our method SeeDiff is an off-the-shelf mechanisms that generates a mask by utilizing extract
attention maps from a pre-trained Stable Diffusion conditioned on an input prompt. (b) Our mask generation draws inspiration
from a classical seeded segmentation process, where a cross-attention (CA) map provides initial cues to the target object
location, which are then iteratively expanded to object regions through (c) region expansion with SA maps. (d) A mask is
further refined with a background mask, which is similarly obtained via seed extraction and region expansion of an inverted

mask.

to need-to-train decoders for mask generation. However,
these works either require optimization process and can only
perform foreground-background separation (Voynov, Moro-
zov, and Babenko 2020; Melas-Kyriazi et al. 2022) or ex-
tra decoders (Zhang et al. 2021; Li et al. 2022) that still
need to be trained with few images annotated with pixel-
level fine-grained masks. Recent works (Li et al. 2023; Wu
et al. 2023b,a; Nguyen et al. 2023) have shifted to diffusion-
based (Ho, Jain, and Abbeel 2020) text-to-image generative
models (e.g., GLIDE (Nichol et al. 2022), Imagen (Saharia
et al. 2022), and Stable Diffusion (Rombach et al. 2022)) for
its breakthrough in generation performance and easy con-
trol over generation via text. While using diffusion mod-
els has led to high-quality image-mask generation, they re-
quire either a pre-trained object detector (Li et al. 2023) or
a pre-trained segmentation network (Wu et al. 2023b); extra
modules that need to be trained (Li et al. 2023; Wu et al.
2023b); or extra learning processes (Nguyen et al. 2023; Ma
et al. 2023) for refinement. These processes can lead to poor
quality mask generation for classes unknown during such
processes, thereby being unable to fully exploit the capabil-
ities of text-to-image generative models trained on a very
large-scale dataset. Our work, on the other hand, draws in-
spiration from seeded segmentation, which we claim to be
easily transferable to image-mask generation task with off-
the-shelf text-guided diffusion models. As a result, we syn-
thesize high-quality image-mask datasets, without the need
for pre-trained segmentation/detection networks, extra train-
able modules, or optimization/learning processes.

Background
Problem Formulation

The objective of this work is to construct a high-quality
synthetic segmentation dataset D = {x,,m,}\_, con-
sisting of synthetic images x,, with corresponding pixel-
level masks m,,. In order to have correspondences between
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generated images and masks, we first need to have control
over which objects will be generated in images. To this end,
similar to previous works (Wu et al. 2023b; Nguyen et al.
2023), we generate images via a text-to-image generative
model, which allows for a control over image generation via
texts. Following prior works (Wu et al. 2023b; Nguyen et al.
2023), we use instantiate a text-to-image generative model
with Stable Diffusion (Rombach et al. 2022), which is one
of recent, successful, and open-source text-to-image gener-
ative models.

Stable Diffusion

Stable Diffusion (Rombach et al. 2022) is a text-guided dif-
fusion model that aims to generate an image x from a ran-
dom noise z ~ N(0,I), guided by a text embedding 7(y)
with an input text prompt y of length P and a text encoder
7. Diffusion models assume that a random noise z and =
are connected by Markov chain that gradually adds noise to
x = 2o to form z = z7 over a pre-defined number of time

steps 1

q(zt|zt-1) = N(2z5 /1 = Brzi—1, Bed) (1)
where f3; is a variance or noise schedule. Under the assump-
tion, diffusion models formulate image generation as a pro-
gressive noise removal (i.e., denoising) from a noisy image
to obtain gradually less noisy image and eventually a clean
image at the end. Hence, a denoising network €g, parameter-
ized by parameters 0, is trained to estimate an added noise
€ ~ N(0,1I) guided by conditioning text prompt y at each
time step t, optimizing the following objective function:

Mal- @

Then, during image generation process, a noise estimated by
a denoising network is removed from a noisy image to grad-
ually obtain a less noisy image, leading to a new clean gen-
erated image after a pre-defined number of steps 7. In con-
trast to previous diffusion models, Stable Diffusion performs

Eg ,e~N(0,I),t,7(y) |:HE_€0 Zt,t, T



noise addition and denoising process on the latent space, in-
stead of pixel space.

A denoising network in Stable Diffusion employs U-
Net (Ronneberger, Fischer, and Brox 2015) architecture
consisting of residual blocks and transformer blocks, each
of which is composed of a cross-attention (CA) and self-
attention (SA) layer. There are L = 16 transformer blocks in
total. At each [-th transformer layer, a [-th CA layer fuses in-
formation from the embedding of a conditioning text prompt
7(y) € RP*4r and latent features 2! € RT>Wixd= from a
previous layer, aiding in generating images that correspond
to a conditioning text prompt. During this process, a [-th CA
layer produces a feature map (CA map) Af} € RFxWixP
at each time step ¢ as follows:

e K 7
\/d71 )

where () ,, K| are a query matrix of z} and a key matrix of
7(y) obtained via learned linear projections, respectively;
and d; is the dimension of latent features at [-th layer. On
the other hand, a [-th SA layer is used to learn spatial sim-
ilarities and correspondences within latent features z! from
a previous layer. Similarly, self-attention process produces a
SA map AP} € RFWXHWL yig

th i Klth
APY = softmax [ ———"— |,
b ( Vd;

where Qi ¢ K[, are query and key matrices of 2! vialearned
linear projections.

Since Stable Diffusion employs U-Net, attention layers
in encoders and decoders produce attention maps of differ-
ent resolutions. Specifically, attention maps have four dif-
ferent resolutions in total: (H;, W) € {(s,, s,-)}2_,, where
sr € {8,16,32,64}. While there are numerous attention
maps generated across all diffusion time steps t € [1,7]
and layers [ € [1, 16], the fact that there are only four differ-
ent resolutions suggests that attention maps can be grouped
together according to resolution.

Af? = softmax ( 3)

“

Aggregation of Attention Maps

To summarize information from a myriad of generated at-
tention maps, attention maps can be grouped according to
resolution and then aggregated via averaging and normal-
ization to have values between 0 and 1 (Wu et al. 2023b;
Nguyen et al. 2023):

5 A
As, = 5
v |ILS Z Z max( .Al t) ©)
" lE]L 1<t<T
where L, is the set of 1ndlces of layers that produce at-

tention maps of resolution with scale s,; A, is an aggre-
gated attention map of resolution with scale s,; and A; ; is
either CA map or SA map. Thus, A3* and AS” represents
an aggregated SA map and aggregated CA map of resolution
sy, respectively. Previous works have solely used Af;f or its
simple multiplication with A3* to find regions correspond-
ing to text in the course of generating a mask. Hereafter, we
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Synthetic Data

Figure 3: Cross-attention (CA) map at different scales.

Synthetic Image 16 X 16 32 X 32 64 X 64

Figure 4: Self-attention (SA) maps at different scales. Red
dot indicates the coordinates the visualized multiscale SA
maps correspond to.

will refer to AS* and AS* as CA maps and SA maps, re-
spectively.

Proposed Method

In this work, we aim to extract different yet complemen-
tary information out of both cross-attention (CA) and self-
attention (SA) maps for the purpose of generating high-
quality masks corresponding to generated images and text.
We use CA maps as initial cues (i.e., seeds) to the location
of the object at seed intialization. Seeds, in turn, are then
used to expand regions by selecting SA maps that highlight
regions similar to the seeds at region expansion process. To
capture fine-grained details, we first attend to whole object
and then fine-grained details by iteratively extracting seed
from a mask from a previous step (lower resolution) and
expanding regions using SA maps of higher resolution. We
further refine a mask by toning down the attention on back-
ground and strengthening attention on foreground by using
background masks obtained by extracting background seeds
expanded to the whole background via SA region expansion,
as delineated at mask refinement using background mask
process.

Seed Initialization with Cross-Attention Map

We start with reiterating that CA maps quantify how similar
latent features z are to a text embedding 7(y). In particu-
lar, after simplifying a notation without loss of generality,
ACA[i, §, c] quantifies the similarity between a latent vector
z at (i,7) (i.e., z[i, j]) and the embedding of c-th token in
a text prompt y (i.e., 7(y)[c]). Thus, we can obtain a CA
map that highlights regions that correspond to a class of in-
terest via AA[:, 1, cqq] (or ACA) where ¢ is the index of
a class token in the text prompt Indeed, Fig. 3 shows how
a CA map ASAC] focuses on an object of interest across
all scales. However, the figure exhibits different characteris-
tics across resolution scales. While a CA map becomes more
fine-grained as resolution increases, a CA map tends to at-
tend more uniformly across the whole image and focus less



on the object. On the other hand, a lower-resolution CA map
may focus better on the object but provides very coarse se-
mantic correspondence information, losing a lot of details
on the structure of the object. In order to strike a balance
between details and precision, we select a 16 x 16 CA map
(.e., A(faccls) to localize the object of interest. However, we
observe that a 16 x 16 CA map still emphasizes only few spe-
cific parts of an object and lacks sharp boundaries, making it
inappropriate to be used as final mask. Upon observation, we
propose to obtain initial cues (i.e., seeds) as to the location
of an object from a 16 x 16 CA map by collecting spatial
coordinates at which a CA value is larger than a threshold «
as follows:

St = {(i.) | ATge.li 5] = o} ©)
Iterative Seed Extraction and Region Expansion
with Self-Attention Maps

While the obtained seeds may locate the object, these seeds
attend to only a small portion of it. Hinged on the seeds, to
expand the attention to the whole object, we turn our atten-
tion to the effectiveness of self-attention in learning the sim-
ilarities between features. In particular, we note that mul-
tiscale SA maps have different levels of attention details
at each scale. Fig. 4 demonstrates that lower-resolution SA
maps attend to broad aspects of the object, while higher-
resolution SA maps attend to fine-grained parts of the ob-
ject. This observation motivates us to formulate an iterative
region expansion, where we first expand to the broad aspects
and then fine-grained aspects of the objects.

Formally, with a simplified notation without loss of gen-
erality, ASA[4, §,:,:] quantifies the correlation of features z
between (i, j) and all locations. This means that we can at-
tend to other parts of the object by simply indexing AS* with
coordinates of seeds:

M, =
P ISk

Z Ai‘:[i,j, R

(2,7) €Sk

@)

Then, we upsample an obtained mask to a higher resolution
Sk+1, such that we can perform a similar process with SA
maps of higher resolution A3*

M1 = bilinear-upsample M), (8)
where bilinear-upsampleslc+1 performs upsampling to sy
resolution via bilinear-interpolation.

Since we have already located the object, we do not utilize
CA maps at higher resolution, which has been shown to give
imprecise attention (i.e., attend to background). Instead, we

extract seeds from My 1:
Sk+1 = {(7’7]) | Mk-‘rl[imj] Z Oé}. (9)

Then, we repeat the process of a mask expansion and refine-
ment using Eq. 7, 8, 9 until the last iteration K, where the
highest resolution of SA maps is reached (i.e., sx = 64). In
the last iteration, we only perform region expansion and do
not perform upsampling and seed extraction.

s (
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Figure 6: Mask refinement with a background mask.

Mask Refinement with Background Mask

While the iterative region expansion process with SA Maps
has substantially enhanced the quality of a mask, we observe
that initial seeds from CA maps introduce two persistent er-
rors that propagate throughout the process, as illustrated in
Fig. 5. The first error is that the initial seeds sometimes point
at background region near the object boundary, especially
when objects have detailed and complex structures. These
inaccurate seeds result in region expansion to nearby back-
ground regions, thereby creating blurry boundary after re-
gion expansion with SA, as depicted in Fig. 5(a). The sec-
ond error is that seeds are often sparse and concentrated at
the certain parts of an object with non-homogeneous appear-
ances, as CA finds strong correlation between certain parts
of an object and a text. When seeds are sparse and concen-
trated and features of objects have large variances, region
expansion with SA maps fails to resolve the issue, as shown
in Fig. 5(b).

To resolve these two issues, we start with an observation
that a synthetic image generated by Stable Diffusion with
a simple text prompt generates a relatively uniform back-
ground. Upon our observation, we claim that it is much eas-
ier for SA maps to give uniformly distributed attention to
background. This means we can refine a mask of class by
down-weighting background parts and up-weighting class
regions, via subtraction of an accurate background mask
from a mask of class. To obtain a background mask, we sim-
ply inverse a mask obtained from the last iteration of the re-
gion expansion process in region expansion:

M{nv = (1 - MIK)7

from which background seeds Sy, are obtained, similar to
Eq. 9. Then, a background mask /\/l{,g is finally obtained
from Sy, via region expansion with SA maps (Eq. 7). Then,

(10)



Prompt Tuning Semantic Segmentation (IoU) for Selected Classes (%) mloU (%)
Train Set Number Backbone | LLM Retrieval | aeroplane bus cat chair cow dog horse person sheep sofa val
Training with Pure Real Data
R: 10.6k (all) ResNet50 87.5 955 922 440 854 89.1 821 89.2 80.6 53.6 71.3
voC R: 10.6k (all) Swin-B 97.0 91.7 965 575 959 96.8 944 92.5 95.1 65.6 84.3
R: 5.0k Swin-B 95.5 96.1 952 473 903 928 946 90.9 937 614 83.4
Training with Pure Synthetic Data
Dataset Diffusion | S: 40.0k | ResNet50 | v/ v - - - - - - - - 60.4
DiffuMask S: 60.0k ResNet50 v 80.7 81.2 793 147 634 651 64.6 71.0 64.7 278 574
S: 60.0k Swin-B v 90.8 883 925 272 922 86 89 76.5 922 498 70.6
S: 40.0k ResNet50 81.6 758 81.8 132 59.0 625 593 61.6 70.2 485 61.2
SeeDiff (Ours) S: 40.0k Swin-B 94.8 93.1 88.0 229 909 873 719 73.0 947  63.1 78.6
S: 60.0k ResNet50 823 75.6 827 156 622 61.7 64.1 67.5 73.0 512 62.6
S: 60.0k Swin-B 95.5 920 915 224 915 851 783 74.9 942 653 79.6
Finetune on Real Data
DiffuMask S: 60.0k+R: 5.0k | ResNet50 v 85.4 929 91.7 384 865 862 825 87.5 81.2 3938 77.6
HHuMas S: 60.0k+R: 5.0k | Swin-B v 956 969 966 515 967 955 961 915 964 702 84.9
SeeDiff (Ours) ‘ S: 60.0k+R: 5.0k ‘ ResNet50 ‘ ‘ 91.9 82.0 937 257 679 710 746 76.6 738  56.0 ‘ 71.4

S: 60.0k+R: 5.0k | Swin-B 98.5

98.6 967 499 895 918 984 92.0 97.4 678

88.8

Table 1: Semantic segmentation results on VOC 2012 val. ‘S’ and ‘R’ denote synthetic images and real images, respectively.

we obtain a more refined mask by multiplying a class-region
mask M with the inverse of a background mask My,
such that background regions are diminished while class re-
gions are amplified:

Mg = (1 = My,) © M, (11)

which is then upsampled to full resolution 512 x 512 to pro-
duce a higher resolution mask My, followed by binariza-
tion with a threshold (3 to obtain a final annotation mask m
for a synthetic image x:

mli, j] = Manali, j] © Tipgali>61> (12)

where 1.y is an indicator function which gives 1 when the
condition in subscript is met and 0 otherwise.

Experiments
Experimental Settings

Datasets. Following the settings of the previous work Dif-
fuMask (Wu et al. 2023b), we evaluated our model on the
following two datasets Pascal-VOC2012 (Everingham et al.
2010) and Cityscapes (Cordts et al. 2016). In particular,
we also conducted an evaluation on the Pascal-VOC2012
dataset in the open-vocabulary semantic segmentation set-
ting, where the evaluation is conducted by dividing into 15
seen classes and 5 unseen classes, following the setup of the
previous model (Ding et al. 2022; Wu et al. 2023b).

Evaluation Metric. We use mloU score as a metric to
evaluate the segmentation task, which calculates the inter-
section between the predicted regions and the actual ground
truth masks, and then takes the average value.

Implementation Details. We construct our components
using a pre-trained Stable Diffusion (Rombach et al. 2022)
model. We utilize the Stable Diffusion 2-base version to gen-
erate images with 7" = 50 timesteps as denoising step. We
use only the pre-trained internal features without any fine-
tuning of the Stable Diffusion model. As for text prompts,
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we generate the dataset using the widely used text prompt
in the form of ‘a photo of a < CLASS >’. We utilize
a = 0.5 as a threshold parameter to extract the seeds
and § = 0.3 as a threshold parameter to discretize a soft
mask to a final mask. Following previous works (Wu et al.
2023b; Nguyen et al. 2023), to evaluate the generated images
and masks, we train and evaluate the segmentation model
Mask2Former (Cheng et al. 2022). The settings required for
training and evaluating Mask2Former, including initializa-
tion, data augmentation, batch size, weight decay, and learn-
ing rate, are configured according to the original paper. In
the PascalVOC-2012 (Everingham et al. 2010) setting, we
generate 2k and 3k images per class, using a total number of
images (40.0k and 60.0k) identical to those used in previous
studies such as Diffusion Dataset (Nguyen et al. 2023) and
DiffuMask (Wu et al. 2023b). For data augmentation, we ap-
ply the same techniques used in DiffuMask, including splic-
ing, gaussian noise, perspective transformation, and occlu-
sion. In the Cityscapes dataset, we conduct evaluations only
on the ‘Human’ and ‘Vehicle’ categories, following the same
evaluation setting as same as our baseline DiffuMask (Wu
et al. 2023b). The ‘Human’ and ‘Vehicle’ categories consist
of six sub-classes: person, rider, car, bus, truck, and train.
All experiments, including image generation and evaluation,
have been conducted on NVIDIA 4090 RTX GPU. Since we
utilize only the internal parameters of Stable Diffusion, there
is no significant increase in computational cost.

Experimental Results

Semantic Segmentation on VOC 2012. Table 1 shows
the results of semantic segmentation on the VOC 2012
dataset. We generate 40k and 60k images to match the num-
ber of generated images for a fair comparison with previ-
ous work. (Wu et al. 2023b; Nguyen et al. 2023) Train-
ing Mask2Former (Cheng et al. 2022) with our generated
data results in significant performance improvement. Addi-
tional fine-tuning with real data brings further improvement,
surpassing the performance of a model (Swin-B backbone)



Module mloU (%)
CAA | CRE | IRE | BE VOC, .1
v X X X 68.8
v v X X 71.0
v v v X 73.2
v v v v 79.6

Table 2: Module Ablations. We perform ablations of our
module with VOC 2012 val, using Mask2Former with Swin-
B. CAA denotes cross-attention aggregation, representing
our baseline. CRE denotes cross-attention guided region ex-
pansion. IRE denotes iterative region expansion. BE denotes
background expansion inversion.

ToU%

Train Set Number | Backbone | Human Vehicle

Train with Pure Real Data
3.0k (all) | Swin-B 85.5 96.0
1.5k Swin-B 84.6 95.3

Train with Pure Synthetic Data
DiffuMask ‘ 100.0k ‘ Swin-B ‘ 72.1 87.0

SeeDiff (ours) | 100.0k | Swin-B | 743 898

Cityscapes

Table 3: Result of Semantic Segmentation on Cityscapes val.

trained solely with the whole real data by a large margin
(4 ~ 5%). We also note that our generated images bring sub-
stantial performance improvements, compared to baselines,
without any prompt tuning. Also, even when using less num-
ber of images, SeeDiff outperforms DiffuMask. The results
underline the effectiveness of our method SeeDiff in gener-
ating high-quality masks.

Cityscapes. Table 3 displays the results of semantic seg-
mentation on Cityscapes, where similar tendencies are ob-
served. Again for Cityscapes dataset, we use input text
with fixed templates. Considering the domain of Cityscapes,
which consists of urban street scenes, we use the fixed
prompt ‘a photo of a < CLASS > in the city.’

Zero-Shot Semantic Segmentation. In the zero-shot set-
ting of VOC 2012, our model outperform DiffuMask and
several models trained with real data. Notably, we achieve
similar performance on ‘seen’ and ‘unseen’ categories,
while DiffuMask has a drop in performance on ‘unseen cat-
egories. We believe this is because DiffuMask uses a pre-
trained segmentation network, which limits the performance
on classes unseen during the pre-training of a segmentation
network.

Ablation Study

In this section, extensive ablation studies are conducted to
assess the effectiveness of each proposed module. We per-
form ablation studies on Pascal-VOC2012, where 60k im-
ages are generated to train Mask2Former (Swin-B).

mloU (%)

mloU (%) Method VOC, .1
Resolution VOC, .1
CA 68.8
16 65.9 CA-SA 72.0
32 64.3 SeeDiff 79.6
64 58.2

Table 5: Comparisons of
Table 4: Study on the in- Attention-based Mask Gen-
fluence of resolution of CA eration Strategy. CA denotes
map. We evaluate the influ- cross-attention aggregation
ence of resolution of CA map (DiffuMask). CA-SA denotes
on the final performance. simple multiplication of CA

and SA (Dataset Diffusion).

Module Ablations. Table 2 assesses the effectiveness of
each component of our framework SeeDiff. In the case
of Cross-Attention Aggregation (CAA), the final mask is
generated solely from the aggregated cross-attention maps
during the denoising step, similar to the mask generation
method used by a baseline, DiffuMask (Wu et al. 2023b).
Cross-attention guided region expansion (CRE) generates
the final mask by aggregating the self-attention maps cor-
responding to the seeds extracted from the CA map at each
resolution of the U-Net. Iterative region expansion (IRE) de-
notes a variant of our method, which uses a soft mask M%
from low resolution as an initial mask for the next resolution.
Finally, IRE with mask refinement with background expan-
sion (BE) represents our final model.

Study on Different Feature Scales. Table 4 evaluates the
influence of CA maps of different scales. Through this ex-
periment, we observe that higher resolutions tend to lose ob-
jectness, as also exhibited in Figure 3. This validates the our
design choice of using CA map of 16 x 16 resolution.

Study on Mask Generation Strategy. Table 5 compares
different mask generation strategies: CA (Cross-Attention-
based mask generation; DiffuMask (Wu et al. 2023b)),
CA-SA (Cross-Attention-Self-Attention-Multiplication-
based mask generation; Dataset Diffusion (Nguyen et al.
2023)), and our SeeDiff. SeeDiff demonstrates to be most
effective. The results validate our motivation of drawing
connections with classical seeded segmentation algorithms.

Conclusion

In this study, we introduce a novel off-the-shelf frame-
work, named SeeDiff, that generates high-quality image-
mask pairs from Stable Diffusion, without any training,
prompt tuning, or using pre-trained segmentation networks.
The design of a framework is inspired by a classical seeded
segmentation algorithm, which expands initial point cues
(i.e., seeds). We observe that CA maps provide coarse local-
ization of objects, serving as seeds. In the mean time, we uti-
lize SA map to perform mask region expansion to cover the
whole object. Consequently, SeeDiff generates high-quality
image-mask pairs that can be used to train a segmentation
network with outstanding performance.
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