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Automatic ultrasound video object segmentation (VOS) is crucial for thyroid
nodule diagnosis and treatment, which still remains challenging due to small
nodules and blurred, noisy boundaries induced by tissue deformation and probe
motion. Although recent diffusion VOS methods have shown superior perfor-
mance by gradually reconstructing tumor structures from noise features, they
typically treat heterogeneous lesion cues equally throughout the segmentation
process, neglecting the fact that their contribution varies across different de-
noising stages. Motivated by the coarse-to-fine annotation logic of clinicians,
we propose a Discriminative Synergistic Temporal Diffusion (DSTD) framework
that can explicitly assess the step-wise contribution of motion and texture guid-
ance during each denoising timestep. Specifically, a Retentive Motion Perception
module is designed to capture temporally consistent motion patterns while sup-
pressing irrelevant tissue noise, and a Discriminative Texture Perception module
evaluates the confidence of different texture representations to enhance ambigu-
ous boundaries. Furthermore, a Synergistic Controller is introduced to adaptively
balance these complementary guidance cues in a timestep-dependent manner.
Moreover, we construct a large-scale ultrasound thyroid nodule dataset with 374
pixel-level annotated videos. Extensive experiments on 3 medical video datasets
demonstrate that DSTD consistently outperforms state-of-the-art methods, in-
volving small nodules and blurred boundaries(link).

Keywords: Ultrasound video · Thyroid nodule segmentation · Synergistic tem-
poral diffusion · Discriminative boundary learning

1 Introduction

Ultrasound imaging is widely adopted for clinical diagnosis and treatment due to
its non-invasiveness, real-time capability, and cost-effectiveness [8–10]. However,
as illustrated in Fig. 1, accurately delineating nodule regions could be a time-
consuming task: Thyroid nodules are generally smaller (lower lesion pixel per-
centage), making them more difficult to detect. In addition, they exhibit blurred
� Q. Wang (wangqiong@siat.ac.cn) is the corresponding author of this work.
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Fig. 1. Box plot of lesion characteristics across different ultrasound organ datasets [6,
8, 16,20]. The red and green lines indicate the median and mean value, respectively.

boundaries with less pronounced grayscale boundary variations (lower ESI val-
ues) and demonstrate greater diversity in boundary shapes (longer whiskers
of fractal distribution). These challenges are further exacerbated by operator-
dependent probe motion and tissue deformation, leading to complex and incon-
sistent temporal variations across video frames.

Motivated by the observation [7, 18] that diffusion models tend to recover
global coarse objects at early timesteps and then progressively refine details,
which have shown stronger capability in reconstructing images from noisy and
blurred scenarios. This may be particularly suitable for ultrasound videos, where
clinicians tend to perform coarse lesion localization and then refine the boundary
details. However, existing diffusion-based VOS methods equally and statically
integrate heterogeneous lesion cues, overlooking the fact that their contribution
to the prediction varies across different denoising stages.

This observation motivates our model to explicitly focus on the contributions
of different guidance cues during the denoising step, rather than treating all le-
sion cues equally across timesteps, thereby accurately locating the tumor and
optimizing boundary details. Specifically, we design a Retentive Motion Percep-
tion module to capture temporally consistent lesion patterns while suppressing
irrelevant tissue motion, and a Discriminative Texture Perception module that
assesses the contribution of multiple texture representations to enhance am-
biguous and noisy boundaries. A Synergistic Controller is further introduced to
adaptively integrate multiple guidance cues in a timestep-dependent manner,
enabling robust and accurate segmentation.

In addition, we construct a large-scale ultrasound video thyroid nodule dataset
with 374 annotated videos to facilitate systematic evaluation. Extensive experi-
ments on multiple medical video datasets demonstrate that our method consis-
tently outperforms SOTA methods, especially in challenging scenarios involving
small lesions and blurred boundaries. Our work can be summarized as follows:

– We construct a large-scale dataset consisting of 374 pixel-wise annotated US
thyroid nodule videos to facilitate future research on this topic.

– We propose a novel Discriminative Synergistic Temporal Diffusion (DSTD)
framework to dynamically learn the contribution of different guidance cues
across denoising timesteps.
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Fig. 2. Overview of our proposed DSTD framework that can dynamically evaluate the
contributions of lesion boundary and motion guidance cues at each denoising timestep.

– We introduce a Discriminative Texture Perception module to explicitly as-
sess the contribution of different wavelet lesion cues and enhance boundary
robustness.

– Extensive experiments on three medical video datasets demonstrate that our
method outperforms recent SOTA methods.

2 Method

As shown in Fig. 2, the current frame feature Ft together with the memory
features are fed into the Retentive Motion Perception module to learn consis-
tent tumor motion patterns (GM ), and the Discriminative Texture Perception
module to selectively emphasize effective lesion texture cues and suppress un-
reliable feature interference (GB). Finally, the Synergistic Controller generates
refined predictions by adaptively evaluating the contributions of Retentive Mo-
tion Guidance GM and Discriminative Texture Guidance GB .

2.1 Retentive Motion Perception

In ultrasound videos, meaningful lesion motion could be spatially localized and
temporally consistent. However, existing methods [1,26] equally extract motion
features from different memory frames, which may neglect their origin spatiotem-
poral relationships and disrupt relevant motion cues. Hence, we explicitly model
pixel-level spatiotemporal proximity using a retentive distance matrix Sm, aim-
ing to suppress noisy tissue interference and enhance the perception of reliable
tumor motion cues among memory frames:
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Sm = γ(|xn−xm|+|yn−ym|). (1)

where (xn, yn) and (xm, ym) are the pixel-level coordinates of each frame feature,
γ is a learnable attenuation parameter to control the retentive level.

The retentive distance matrix is used to reweight attended motion features,
enforcing spatial consistency and suppressing irrelevant tissue motion using the
key-value calculation [1, 8] of the memory and the current frame feature:

GM = Proj[S ⊙
(
Cat(Attn(Kt,KM ,

M∑
m=1

Sm)⊙ VM , Vt)
)
]. (2)

where Attn is the attention calculation [8], Proj is the KAN layer [12], KM -
VM are the key-value embedding of the memory feature FM , and Kt-Vt are the
key-value embedding of the current feature Ft, m is the memory frame index.

2.2 Discriminative Texture Perception

Discrete wavelet transform (DWT) could further provide multi-scale and multi-
orientation texture representations [14], while different wavelet kernels exhibit
distinct texture responses even within the same frequency subband [2]. However,
existing DWT methods neglect to clearly distinguish the effectiveness of different
texture characteristics, which may lead to performance degradation in thyroid
nodules with small and inherently blurred nodule boundaries.

Hence, we propose to adaptively aggregate different texture features of wavelet
kernels according to their texture response effectiveness, selectively emphasizing
discriminative lesion cues while suppressing irrelevant texture components.

π = argsorti∈[1,t−1]

(
Cos(Ft, Fi)

)
, KM , VM = Conv[Cat

(
Fπ1 , . . . , FπK

)
]. (3)

where π denotes the index permutation that ranks the memory frames by their
cosine similarity.

Then, as shown in Fig. 2, multiple DWT filters, Haar, DB3, and Dmey,
are performed to explore the low-frequency structural cues and high-frequency
texture features that are associated with the current frame Ft:

V ′w
t = Cat

(
Ŝ
(
exp(KHw

t ⊗KHw
t )

)
⊙V Hw

t , Ŝ
(
exp(KLw

t ⊗KLw
t )

)
⊙V Lw

t

)
. (4)

where w denotes the DWT filter, KH and V H denote the high-frequency sub-
bands H of key and value embedding, and KL and V L denote the low-frequency
subbands L of key and value embedding, Ŝ denotes the Softmax function, ⊗ de-
notes the dot product and the ⊙ denotes the element-wise multiplication.

Then, we explicitly evaluate these texture features and suppress noise-band
interference using a learnable Dirichlet-based KAN layer. As a result, their ef-
fectiveness is naturally aggregated into the [0,1] interval, enabling the model to
explicitly integrate diverse texture features:

et = E[pt] =
αt

1⊤αt
, αt = softplus[Proj

(
V ′Haar

t ;V ′DB3
t ;V ′Dmey

t

)
] + 1, (5)
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G̃t =

W∑
w=1

et,w ⊙G
(w)
t , GB = Proj

(
Sm ⊙ G̃t

)
. (6)

where et,w denotes the reliability weight of the w-th wavelet kernel, and G
(w)
t rep-

resents the corresponding texture guidance, and Proj denotes a KAN Layer [12].

2.3 Synergistic Controller

Following the observations in prior works [7, 18], different guidance cues tend
to contribute unequally across diffusion timesteps. Clinicians tend to perform
lesion localization based on motion cues and then refine lesion structures based
on reliable texture cues. Hence, previous methods that equally leverage different
types of guidance features without distinguishing their effectiveness may cause
interference between coarse localization and fine-grained boundary refinement.

Hence, we introduce the Synergistic Controller to estimate the contribution
functions CM

s and CB
s at each timestep s for the coarse predictions (PM

s and
PB
s ) and generating the refined segmentation result Ôs:

PM
s = fdec(s,GM , Ft), PB

s = fdec(s,GB , Ft), (7)

CM
s , CB

s = fSC
(
s, PM

s , PB
s

)
, (8)

where fdec denotes the denoising decoder, and fSC is the proposed Synergistic
Controller, which shares the same architecture as the denoising decoder but
different learnable parameters.

The segmentation results Ôs can be controlled with:

ĈM
s , ĈB

s = Softmax
(
CM

s , CB
s

)
, Ôs = ĈM

s ⊙ PM
s + ĈB

s ⊙ PB
s . (9)

where s denotes the diffusion timestep, PM
s and PB

s represent the segmentation
predictions at timestep s, respectively. fSC denotes the proposed Synergistic
Controller that adaptively estimates the relative contributions of heterogeneous
guidance cues, and Ôs is the refined segmentation output at timestep s.

3 Experiments

3.1 Implementation

Our proposed ultrasound video thyroid nodule dataset comprises 374 video se-
quences with pixel-level annotations provided by experienced clinicians. The spa-
tial resolution of the acquired ultrasound video includes axial (along the sound
beam direction) and lateral (perpendicular to the sound beam direction) com-
ponents, with axial resolution of 0.1–0.3 mm and lateral resolution of 0.2–0.4
mm. The temporal resolution ranges from 20 to 30 fps. The contrast resolution
is set to 50–60 dB. The average size of thyroid nodules was 10.7 mm × 8.4 mm.
Experienced clinical doctors use GE Logiq E9 and GE Logiq E10 color Doppler



6 Li. et al.

Fr
am

e
G

T
O

u
rs

TB
G

D
if

f
M

e
m

SA
M

V
iV

im

10avi-1：1 8 15 21

Case 1 Case 2

4avi：55 62 69 74

Fig. 3. Visual comparison of US thyroid nodule videos with small nodules.

Table 1. Quantitative comparison with different methods on the ultrasound video
thyroid nodule segmentation dataset.

Methods Type Venue Year Jaccard Dice Precision Recall
OSVOS [17] Video CVPR 2017 51.07 60.88 72.56 60.19
STM [15] Video ICCV 2019 56.18 66.64 72.38 69.36

DPSTT [8] Video MICCAI 2022 59.16 69.51 74.19 72.58
FLANet [11] Video MICCAI 2023 62.81 72.09 76.53 74.69
MemSAM [1] Video CVPR 2024 62.43 74.03 80.32 75.28
TBGDiff [26] Video ACM MM 2024 65.39 74.80 80.07 77.79
ViVim [25] Video TCSVT 2025 63.16 73.59 82.45 72.22

Ours Video — 2025 68.50 78.75 84.22 79.20

ultrasound scanners. Our dataset covers patients aged 25–78 years, with an av-
erage age of 49.8 years, and diverse thyroid diseases. 5 clinicians annotated using
ITK-SNAP, with each frame annotated 3 times and pixel-wise majority voting
to reduce observer variation. We employ the Segformer [23] as the diffusion back-
bone. We set the batch size and learning rate to 2 and 1×10−4. All input frames
are resized to 240× 240 [3]. The model is trained using the BCE and Dice losses
on 1 RTX 4090 GPU. No data augmentation is used except for the pixel nor-
malization. We further follow original experimental settings [13, 25] to conduct
experiments on the DPSTT [8] and SUN-SEG [5] medical video datasets.

Experimental Results Table 1 reports the quantitative segmentation results
on the video thyroid nodule segmentation dataset. We can find that TBGDiff
could achieve the Jaccard, Dice, Precision, and Recall scores of 65.39 %, 74.80%,
80.07%, and 77.79%. While our model could achieve better Jaccard, Dice, Pre-
cision, and Recall scores of 68.50%, 78.75%, 84.22%, and 79.20%. As shown in
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Fig. 4. Visual comparison of US thyroid nodule videos with blurred tumor boundaries.

Table 2. Quantitative comparison with different methods on the DPSTT dataset [8].

Methods Type Venue Year Jaccard Dice Precision Recall
OSVOS [17] Video CVPR 2017 56.74 70.98 77.78 64.04
STM [15] Video ICCV 2019 68.58 78.62 82.01 79.10

DPSTT [8] Video MICCAI 2022 73.64 82.55 83.89 84.55
CIOCR [10] Video JBHI 2024 73.84 83.23 84.76 84.49
TBGDiff [26] Video ACM MM 2024 74.31 82.96 84.51 85.02
ViVim [25] Video TCSVT 2025 74.64 83.72 84.67 85.71

Ours Video — 2025 76.12 85.28 87.19 86.28

Table 2 and Table 3, we also report the segmentation performance of our method
on two public medical video datasets. We can find that our method could achieve
better segmentation performance than recent SOTAs on the DPSTT and the
SUN-SEG datasets. Fig. 3 and Fig. 4 visualize the US thyroid nodule cases with
small nodules and blurred tumor boundaries, respectively. We can find that our
method could achieve better segmentation performance and is more consistent
with the GT than recent methods.

Ablation Study As depicted in Table 4, we conduct a quantitative ablation
study to verify the effectiveness of the Retentive Movement Perception (RMP),
the Discriminative Texture Perception (DTP), and the Synergistic Controller
(SC). Model ’Baseline’ is constructed by replacing all modules with the original
STM memory block (Memory). We observe that incorporating RMP and DTP
consistently improves segmentation performance. Moreover, the proposed SC
further enhances performance compared to M3 and M2. As shown in Fig. 5, we
can find that after introducing the proposed SC, our model can generate more
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Fig. 5. Ablation visualization of the Synergistic Controller (SC) that can generate
more precise tumor boundaries and suppress non-tumor areas with the Motion Percep-
tion Guidance GM and Texture Perception Guidance GB .

Table 3. Quantitative comparison on the SUN-SEG video polyp dataset (seen) [5].

Methods Easy/Hard Year Dice Sα Emn
θ

PNSNet [4] Easy/Hard 2021 86.1/82.3 90.6/87.0 91.0/89.2
PNS+ [5] Easy/Hard 2022 88.8/85.5 91.7/88.7 92.4/92.9

ICBNet [22] Easy/Hard 2023 84.6/82.7 88.7/86.2 92.1/88.7
PVT-CASCADE [19] Easy/Hard 2023 85.5/83.2 78.9/86.9 93.0/89.1

CTNet [21] Easy/Hard 2024 86.7/84.0 89.9/87.3 93.9/89.5
SSTFB [24] Easy/Hard 2024 91.1/81.1 93.5/90.9 96.8/94.2

Diff-VPS [13] Easy/Hard 2024 90.8/86.8 93.0/90.0 96.6/94.7
Ours Easy/Hard 2025 92.8/88.9 93.8/91.2 98.7/97.3

precise tumor boundaries and further suppress non-tumor areas with the Motion
Perception Guidance GM and the Texture Perception Guidance GB .

4 Conclusion

In this paper, we construct a large-scale US thyroid nodule video dataset to
facilitate future research on this topic. Then, we propose a novel Discrimina-
tive Synergistic Temporal Diffusion (DSTD) framework to dynamically adjust
different types of guidance cues at different stages of the denoising process. Ex-
perimental results show that our method outperforms existing SOTA methods.
Acknowledgment. This work was supported by Guangdong Science and Tech-
nology Department (2024ZDZX2004), the Natural Science Foundation of China
under Grant U23A20391, and Shenzhen Science and Technology Program (JCYJ2
0241202152803005, NO.KJZD20240903102717023).
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Table 4. Quantitative ablation with different modules on our collected dataset.

Model Type Memory RMP DTP SC Jaccard Dice Precision Recall
Baseline Video

√
− − − 59.01 70.11 80.44 73.29

M1 Video
√ √

− − 61.36 72.19 82.93 73.82
M2 Video

√
−

√
− 62.91 73.54 80.85 76.21

M3 Video
√ √ √

− 66.58 76.63 83.44 76.69
Ours Video

√ √ √ √
68.50 78.75 84.22 79.20
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