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Abstract. The segmentation of mass lesions in digital breast tomosyn-
thesis (DBT) images is very significant for the early screening of breast
cancer. However, the high-density breast tissue often leads to high con-
cealment of the mass lesions, which makes manual annotation difficult
and time-consuming. As a result, there is a lack of annotated data for
model training. Diffusion models are commonly used for data augmen-
tation, but the existing methods face two challenges. First, due to the
high concealment of lesions, it is difficult for the model to learn the
features of the lesion area. This leads to the low generation quality of
the lesion areas, thus limiting the quality of the generated images. Sec-
ond, existing methods can only generate images and cannot generate
corresponding annotations, which restricts the usability of the generated
images in supervised training. In this work, we propose a paired image
generation method. The method does not require external conditions and
can achieve the generation of paired images by training an extra diffu-
sion guider for the conditional diffusion model. During the experimental
phase, we generated paired DBT slices and mass lesion masks. Then, we
incorporated them into the supervised training process of the mass lesion
segmentation task. The experimental results show that our method can
improve the generation quality without external conditions. Moreover, it
contributes to alleviating the shortage of annotated data, thus enhancing
the performance of downstream tasks.
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1 Introduction

The segmentation of masses in Digital Breast Tomosynthesis (DBT) images is
of great significance for the early screening of breast cancer [12]. However, the
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dense fibroglandular tissue structure in mammograms often results in highly con-
cealed mass lesions, as illustrated in Fig. |1| [I7]. This inherent concealment poses
significant challenges for radiologists in manual annotation, leading to labor-
intensive workflows and a severe scarcity of high-quality annotated datasets
for training deep learning models. To mitigate this data limitation, diffusion
models have emerged as a promising solution for synthetic data augmentation
in medical imaging [8[T62]. The generative framework of diffusion models can
be broadly categorized into two paradigms. Unconditional generation methods,
such as DDPM [5] and DDIM [15], synthesize realistic images from pure noise by
progressively denoising random Gaussian distributions through Markov chains.
Conditional generation methods, on the other hand, achieve controllable gener-
ation by adding guidance signals to the denoising process of the network. These
guidance signals can be in the form of classes [1/4], texts [I3TT], images [ISIT0I9],
or features [6].

DBT slices

Masks

Fig. 1. Hidden mass lesions in DBT slices.

However, the application of the above methods in the medical field has two
problems. First, for unconditional generation methods, due to the concealment
of the lesions, it is difficult for the model to learn the features of the lesion areas.
This results in a relatively low generation quality of the lesion areas, thereby re-
stricting the overall quality of the generated images [9]. Second, existing methods
only generate images and cannot generate the corresponding annotations. There-
fore, conditional generation methods are often used to obtain annotated images,
where the annotations are input to guide the generation process. However, the
conditions rely on manual input, which limits the diversity of annotations. As
a result, the diversity of the generated images is restricted, and the generated
images cannot efficiently improve the performance of the model through super-
vised training in downstream tasks. To tackle these two problems, we propose a
Paired Image Generation (PIG) method based on diffusion models. This method
does not require external conditional inputs. Instead, it leverages the paired re-
lationship between images as the guiding signal within the generation process.
Specifically, we model the generation process of paired images first. Through
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mathematical derivations, we prove that the unconditional generation process
of paired images can be equivalent to two diffusion processes guided mutually.
Thus, similar to the classifier-guided diffusion model approach [I, we can achieve
the generation of paired images by training an additional diffusion guider for the
conditional diffusion model. In the experimental stage, we generated paired DBT
slices and mass lesion masks, and added the images generated by different meth-
ods to the training of the mass segmentation model. The experimental results
show that compared with other generation methods, the images generated by our
method have a 15.66 improvement in the FID metric and a 2.24% improvement
in the Dice metric. This indicates that our method contributes to enhancing the
generation quality and alleviating the shortage of annotated data.

2 Methodology

2.1 Revisiting Diffusion Models

We adopt the diffusion models as the backbone of our proposed PIG method.
The diffusion process of the diffusion models consists of the forward process and
the reverse process [GII59].

The Forward Process. In the forward process, Gaussian noise is gradually
added to the image until the image becomes pure noise. The forward process
of the diffusion models is Markovian, and the probability distribution g of this
process satisfies Eq. 7 where zg is the clean image, z; is the noised image
at the ¢t-th time-step, T is the number of time-steps, A denotes the Gaussian
distribution, 8; € (0,1) is the predefined noise schedule and I is an identity
matrix of the same shape as xg. Eq. represents the single-step noise addition
process, and the t-step noise addition process can be obtained through recursion
as shown in Eq. , where a@; = [['_,(1 — ;) — 0.

T
g(wrrlve) = [[ al@ilzir), ql@lzr) = N s V1= Buwer, BeI) - (1)
t=1

=1 = Biai—1 + VBrer, &0 ~ N(0, 1) (2)
= Vayzo + V1 — aue, e ~ N(0,1) (3)

The Reverse Process. The reverse process generates images from pure noise
by gradually denoising through a trained model . Due to the concealment of
lesions, in order to improve the generation quality of the lesion part, the mask of
the lesion is often input as an external condition ¢, thereby guiding the model to
pay more attention to the generation of the lesion area. The probability distribu-
tion pg of this process satisfies Eq. and Eq. (§), where p(zr) = N'(271;0, 1),

po(we,e,t) = \J/a_1w0 + /1 — @—1 — 02 - €g(wy,c,t) and oy is the predefined
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noise variance. Specifically, the model predicts the noise eg(x+, ¢, t) and obtains
the predicted clean image Zy at the t-th time-step using Eq. @ Subsequently,
x;_1 is obtained through Eq. @ for the next denoising step.

T

po(zo:rlc) = p(ar) [ [ pol@i-1la, ) (4)
t=1

po(Ti—1|e,¢) = N(24-1; po (x4, ¢, 1), 07 1) (5)

. xt — /1 — ageg(ay, ¢, t)
xro =
° Vau

L1 = \/O_[t_lii'g + A/ 1-— at—l — 0't2 . 69(1'25, C, t) + Ot€t, €4 ™~ ./\[(0, I) (7)

Limitations. Since the condition c relies on external input, manually creating
these image conditions is time-consuming, and their diversity is limited. There-
fore, we aim to generate ¢ simultaneously when generating images to obtain more
diverse lesion annotations. In addition, another advantage of this approach is
that it can introduce guiding signals into the image generation process without
external condition input, thereby enhancing the generation quality. To achieve
this goal, we propose a Paired Image Generation (PIG) method.

Px(xe—11%e, Vt)

Py Ve-1lXe—1,Ye) 1

K Ve Denoising Model Ve /

Fig. 2. Graphical model for paired image generation process.
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2.2 Paired Image Generation

In this section, we conduct the mathematical modeling for the PIG method based
on the diffusion models. The PIG method combines two diffusion processes, and
its graphical model is illustrated in Fig. 2]

The Forward Process. During the forward process, we adopt two Markovian
noise addition processes similar to Eq. — as shown in Eq. —, where
(x0,Yo0) represents the clean paired images and €1, e ~ N(0,1).

T

q(x1.1, y1.7lT0, Y0) = H Qo (e |Te-1) Gy (Ye|[ye—1) (8)
t=1

Qo (@] i—1) = N(z; /1 — Bewy—r, Bel), & = Vauro + V1 — ey (9)
2y (Ylye—1) = N(ye; V1 = Brye—1, Bel), ye = Vauyo + V1 — aper (10)

The Reverse Process. The probability distribution py of the joint denoising
process satisfies Eq. , which can be implemented with two diffusion models
x and y to fit p, and p, respectively as proved in Eq. . In Eq. —,
P(-) is the abbreviation of probability distribution, P(z7) = N(x7;0,I) and
P(yr) = N(yr;0,I). Specifically, we can train an additional diffusion guider as
model z. It takes y; as the guiding signal to generate z;_; for guiding model y.
Moreover, according to Eq. @—, in the generation process of x;_1, Z¢ will be
predicted first. Therefore, the conditional diffusion model p,, (y:—1|xo, y¢) (such as
Maisi [2], a generative foundation model pretrained on large-scale unannotated
datasets) can be used as model y to avoid the influence of the known noise €.
During the generation process, this diffusion-guided diffusion model architecture
can generate guiding signals for each other, thereby improving the image quality.
The training and sampling processes are shown in Alg[[}2] where we set oy = 0.

T
po(zor,yor) = Plar)Plyr) [ [ po(wi—v, yralee, yo) (11)
=1

Proposition 1. The joint denoising process pg of the paired images can be im-
plemented with two conditional denoising processes p, and p,.

Proof. According to the conditional probability formula and the Bayesian prob-
ability formula, the derivation process is as follows.
Po(Te—1,Ye—1|Te, yt)

=pa (1|7, ye) - P(ys—1]e—1, e, Y1)
Py(Ye—1lze—1, 1) - P(@e|Te—1, Y1, Y1)

P(xi|wi—1,y:)
) py(yt71|33t71ayt) o (2t]28-1)

Qe (Tt]|21-1)

=pu(Te—1]2t,Yt) - Py (Ye—1]T1—1, Yt) (12)

=po(Te—1|Te, ye) -

:pz(xtflm't,yt)
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Algorithm 1 The training process of the diffusion guider.

Input: dataset distribution p(xo,yo), noise schedule 3¢, number of timesteps T'
Output: trained model,

1: repeat

2:  sample (zo,y0) ~ p(zo,y0),e1 ~ N(0,I),e2 ~ N(0,I),t ~ Uniform({1,...,T})
3 a =l (1—B)

4 2t = Varzo + V1 — qrer, yr = vVaryo + /1 — area > Eq. @-
5:  €; = modely (T, yi, t) > po(Te—1|Te, yt)
6: Iy, = (€1 — €z).square().mean()
7: update x with Vgl
8: until converged
9: return model,

Algorithm 2 The sampling process of paired images.

Input: noise schedule g, number of timesteps T, trained model,, trained model,
Output: generated images Zo, %o

1: sample zp ~ N(0,I),yr ~ N(0,I)

2: for t+=T,T-1,...,1 do

8 ar=1II'_,(1-A)

4: ez = modely (T, ye,t) > po(Te—1|Te, ye
B: Qo= Gt '\}%‘mﬂvtq =/@i—1%0+ V1 — Q-1 € > Eq. @'

N N Tp_1—r/1—Qr_1€z
6: €y = modely(Zo, yt, 1) > py(yt—1]Z0, yt) = py(ytfl‘%>yt)
7 Qo = %72#71 = \/O_ét71:l;0 + 1 —ae_1- €y > Eq. (EI)-
8: end for

9: return o, Yo

3 Experiments

We conducted a paired image generation experiment taking the mass lesion
masks (z¢) and the DBT slices (yo) as paired images. Then, we applied the
generated paired images in the supervised training of the DBT mass lesion seg-
mentation task to verify the effectiveness of the generated images.

3.1 Datasets and Experimental Setup

DBTMassSeg. This private DBT mass segmentation dataset is sourced from
Suzhou Municipal Hospital and Guizhou Provincial People’s Hospitaﬂ The
dataset contains data of 367 patients and the data of each patient includes
images from the CC and MLO perspectives and the corresponding mass lesion
masks, which are manually annotated by two experienced radiologists. There
are a total of 8,723 slices containing mass lesions. In the preprocessing stage, we
cropped the blank parts and resized the images to 512x512.

5 The data used in this study were approved by the Ethics Committee of Suzhou
Municipal Hospital (No. 2024320) and Guizhou Provincial People’s Hospital (No.
2024328). Written informed consent was waived as the data were fully anonymized.
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Experimental Setup. We linearly scaled the images to [—1, 1] and set the noise
schedule 3; to constants increasing linearly from 8; = 10~ to 7 = 0.02 [5]. The
maximum time step 7" was set to 1024. During the sampling process, we adopted
the uniform step sampling method of DDIM [I5], with the number of sampling
steps set to 256. We used U-Net [14] as the network architecture of the two
diffusion models. We set the number of the input channels to 2 and introduced
the guiding signal through concatenation in the channel dimension [9l[7].

3.2 Results

Focused Generation of Lesion Regions. The unconditional paired image
generation process is shown in Fig. |3l It can be seen that during the generation
process of the lesion masks &g and the DBT slices g, the shape of the lesion is
generated based on the lesion masks at the early stage, and the overall texture is
refined in the subsequent process. It indicates that the network is more focused
on the generation of lesion regions according to the diffusion guidance.

Sample_3

Sample timesteps

Fig. 3. The progressive generation process of PIG.

Comparative Experiments with Unconditional Diffusion Models. Since
the proposed PIG method is a generation approach that does not require exter-
nal conditions, we conducted comparative experiments with the unconditional
diffusion models, including DDPM [5] and DDIM [I5]. Specifically, we set the
number of sampling steps to 1024 for DDPM and 256 for DDIM, and employed
each method to generate 2048 DBT slices respectively. We adopted the Frechet
Inception Distance (FID) [3] metric to evaluate the generation quality.

The experimental results presented in Table [1] show that during the image
generation process, PIG generates guiding signals simultaneously, which ensures
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Table 1. The FID metric of different methods

Method ~ DDPM [5]  DDIM [15] PIG
FID] 31.84 31.54 15.88

that the process requires no additional input conditions and enhances the image
generation quality.

Comparative Experiments with Conditional Diffusion Models. Con-
ditional diffusion models can be guided by inputting lesion masks for image
generation. Therefore, we evaluated the quality of the generated images through
a lesion segmentation task. We used U-Net [I4] as the segmentation model.

First, we conducted five-fold cross-validation on the DBTMassSeg dataset.
Subsequently, we selected LDM [13], SegGuidedDif [9] and ControlNet [I8] as
comparative methods and used the existing masks in the training set as guidance
to generate 2048 DBT slices respectively. Meanwhile, our proposed PIG method
generated 1024, 2048 and 3072 paired images successively. Then we added the
images generated by different methods to the supervised training process re-
spectively. We used the Dice, IoU, Precision, and Recall metrics to evaluate the
performance of the segmentation task.

Table 2. The experimental results of the mass segmentation task.

Dataset Dice(%)t  IoU(%)T  Precision(%)t  Recall(%)1

DBTMassSeg 52.36 41.60 56.14 56.81
LLDM_ 2048 [13] 56.91 15.88 60.92 60.99
+SegGuidedDif 2048 [I] 58.30 46.99 60.40 64.76
 ControlNet_ 2048 [15] 57.38 16.09 61.53 61.78
+PIG_1024 56.52 45.39 59.86 61.70
+PIG_ 2048 60.54 49.10 62.92 66.01
+PIG_ 3072 59.14 47.92 60.65 65.66

The average results of the five-fold cross-validation experiment are presented
in Table 2] Here, "+PIG_2048" denotes the addition of 2048 annotated images
generated by the PIG method to the original DBTMassSeg dataset and the
notations of the other datasets follow the same principle. As shown in the results,
since PIG can generate more diverse lesion masks, when generating the same
number of DBT slices, the images generated by PIG can help the network learn
the features of lesion areas better, thereby enhancing the network’s generalization
and performance. Additionally, in the experiment, all the generation methods
exhibit similar trends. Specifically, the performance peaks after generating about
2048 images, and further increasing the proportion of generated images leads to
performance fluctuations. For PIG, the performance dips to its lowest point after
generating about 3072 images, which outperforms the highest values achieved
by other methods. This indicates the high quality and stability of PIG.
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4 Conclusion

We propose an innovative unconditional paired image generation method. First,
through mathematical derivations, we prove that the generation process of paired
images can be achieved by two diffusion processes guided mutually. Therefore,
by training an additional diffusion guider for the conditional diffusion model, we
can introduce the guiding signal into the diffusion process without external con-
ditions. The experimental results show that our generation method can improve
the generation quality and effectively alleviate the shortage of annotated data.
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