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Abstract

Weakly supervised video object segmentation (WSVOS)
enables the identification of segmentation maps without re-
quiring extensive annotations of object masks, relying in-
stead on coarse video labels indicating object presence.
WSVOS in surgical videos is, however, more challenging
due to the complex interaction of multiple transient objects,
such as surgical tools moving in and out of the surgical field.
In this scenario, state-of-the-art WSVOS methods struggle
to learn accurate segmentation maps. We address this prob-
lem by introducing ViDeo Spatio-Temporal disentanglement
Networks (VDST-Net), a framework to disentangle complex
spatio-temporal object interactions using semi-decoupled
knowledge distillation to predict high-quality class activa-
tion maps (CAMs). A teacher network is designed to help a
temporal-reasoning student network resolve activation con-
flicts, as the student leverages temporal dependencies when
specifics about object location and timing in the video are
not provided. We demonstrate the efficacy of our framework
on a challenging surgical video dataset where objects are,
on average, present in less than 60% of annotated frames,
and compare our method to state-of-the-art methods on
surgical data and on a public dataset commonly used to
benchmark WSVOS. Our method outperforms state-of-the-
art techniques and generates accurate segmentation masks
under video-level weak supervision. Our code is available
at: https://github.com/PCASOlab/VDST-net.

1. Introduction
Incorporating expert knowledge into machine learning

for surgical video analysis demands extensive and costly
annotations. Annotated surgical video databases are rare
but crucial for applications ranging from video review and
analysis to AI supported robotic assistance [46].

The scarcity of annotated video is not unique to surgery.
To address this, Weakly Supervised Semantic Segmenta-
tion (WSSS) methods were developed [7, 25, 38, 58], us-
ing image-level class labels to identify areas in an image
that contain the corresponding object. Such methods have
also been applied to video with frame-level labels, exploit-
ing temporal information to improve accuracy [31, 33, 53].

In the more difficult Weakly Supervised Video Object
Segmentation (WSVOS), object presence labels are only
available at the video level, while no image level presence
or segmentation supervision signal is provided. This in-
troduces higher uncertainty about object presence in each
frame. Some approaches to WSVOS leverage motion cues
[42, 56]. However, these methods often lack robustness
against background motion and stationary objects.

A recent end-to-end TCAM model [1] has achieved
state-of-the-art performance in object detection on two chal-
lenging datasets. In these datasets, the primary objects or
concepts present in the video are labeled and are constantly
present in most frames. We refer to this type of problem as
Consistent Object Presence (COP), in contrast to Transient
Object Presence (TOP) where no assumptions are made
about object constancy (Figure 1).

The latter case covers the significant variation in tem-
poral presence of objects in surgical videos, where annota-
tions are often based on the start and end times of surgical
steps with annotated tools intermittently moving in and out
of view. In Transient Object Presence (WSVOS-TOP), the
algorithm must thus learn only from object classes with-
out any implicit or explicit information on location, size, or
temporal presence, and without assumptions about a spe-
cific count of object classes per frame.

In order to address these challenges, we propose a novel
method for WSVOS that excels at the TOP problem on sur-
gical data while also achieving state-of-the-art performance
in COP scenarios. Our contributions include:

1. We propose an efficient network architecture to gener-
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Fig.1 Three levels of weakly supervised detection/segmentation in video. Level I has image level presence labels 
available, and research for this task usually use information like motion constrain to improve prediction. Level II 
only has video level label, while the object is always in the video (this is the scenario for YouTube object dataset), 
thus each frame share the same presence condition. Level III is most challenging, where the label only indicates 
the presence of objects for the whole video, and each object just present in the video temporarily.

Hook

Figure 1. Three types of weakly supervised detection/segmentation in video. Type I has image-level presence labels available, and research
for this task usually builds on WSSS adding temporal constraints to improve prediction. Type II WSVOS-COP only has video-level labels,
and the object is assumed to be in the video for most of the frames (this is the scenario for YouTube-object dataset). Type III WSVOS-TOP
is the most challenging, where the label only indicates the presence of objects for the whole video, yet each object may be present in the
video temporarily (i.e., in only a subset of frames).

ate high-quality spatio-temporal class activation maps
trained with video-level classification labels.

2. We introduce ViDeo Spatio-Temporal disentanglement
Networks (VDST-Net), which captures information
associations across time and effectively addresses acti-
vation conflicts due to the complex interaction of mul-
tiple target objects, including objects appearing and
disappearing from the video.

3. Experiments on our TOP surgical video dataset based
on Cholec80 [45], which has an average object pres-
ence rate of under 60%, demonstrate a clear advantage
of our method in WSVOS-TOP.

4. Experiments on YouTube-Objects (v2.2) demonstrate
that our method also outperforms state-of-the-art ap-
proaches in classic WSVOS-COP.

2. Related Work
2.1. Weakly supervised segmentation for image data

Image-level weakly supervised semantic segmentation
has been well-researched, and most existing methods are
based on Class Activation Map (CAM) [58]. Raw CAM
may be sufficient for detection tasks, but it fails to delin-
eate the target object at the semantic level as it tends to
learn the most salient feature. Training strategies such as
randomly masking out images [38] or feature maps [13,27]
can refine the CAM by enhancing activation of novel fea-
tures. Loss functions designed to improve CAM have been

proposed, including SEC loss [22], CRF loss [39], regu-
larization losses [52], and contrastive loss [50]. Recently,
work on network modeling that explored the long-range de-
pendence and attention mechanism of Vision Transformer
(ViT) in CAM [7, 47] demonstrated ViT based CAM could
outperform Convolutional Neural Networks (CNN) based
models in image semantic segmentation tasks.

Emerging work integrates foundation models with
weakly supervised segmentation. [30] uses the Contrastive
Language-Image Pretraining (CLIP) [35] for WSSS. Seg-
ment Anything Model (SAM) was also applied to WSSS
[25]. While these methods improve segmentation perfor-
mance for tasks with image-level labels, they are not di-
rectly applicable to weakly supervised segmentation tasks
in video.

2.2. Weakly supervised detection and segmentation
for video

WSVOS can be categorized into three types of tasks, as
shown in Figure 1. In the first type (Type I), frame-level
object presence labels are provided. Research in this area
often incorporates motion constraints to enhance prediction
accuracy, as demonstrated in studies such as [28, 31, 53].
[33] employs LSTM to reason across time for detection and
tracking in surgical videos. [14] adapts a 3D CNN to incor-
porate temporal dependencies for detection in videos.

The second type of WSVOS (Type II) has object labels
available only at the video-level, thus not explicitly deter-
mining object presence in a particular frame. However, a
common assumption in the literature in the WSVOS-COP
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setting is that labeled objects are present throughout the
entire video, with frames missing these objects treated as
noise. This scenario is exemplified by well-known datasets
such as YouTube-Objects [18]. This setup is close to a Type
I problem as frame content can be inferred from video-level
annotations. Recent work on TCAM [1] extracts the most
reliable pseudo-semantic supervision signal in video to train
a subsequent network for detection in individual images, ef-
ficiently addressing object detection for this case, while still
showing limited robustness to smaller objects and temporal
inconsistencies.

In the third type (Type III), labels merely indicate the
general presence of objects throughout an entire video, de-
spite each object possibly appearing only temporarily. This
is depicted in the right column of Figure 1. Consequently,
the presence label assigned to a video may not accurately
reflect a large subset of frames, introducing higher uncer-
tainty that leads to challenge in learning generalized rep-
resentations. Using motion cues could not resolve such an
issue when including scenarios where the camera can occa-
sionally move while the objects stay still.

Existing semantic segmentation methods that use sparse
or coarse labels to segment surgical video only focus on the
WSSS problem with presence labels for individual frames
available [26, 33, 51]. Zero-shot approaches rely on SAM
and a prompting strategy [54]. However, no attempts have
been made to apply WSVOS to surgical videos or similar
TOP scenarios using a single class presence label per video.
To the best of our knowledge, our work is the first to address
this type of TOP data and train an end-to-end network to
predict segmentation masks for the video as a whole.

2.3. Network reasoning across time and knowledge
distillation

3D CNN [43], recurrent neural networks (RNN) [37],
and temporal Transformers [49] are widely used architec-
tures that capture time dependency and have been applied
to various video and volumetric imaging tasks [29, 32, 59].
However, due to the lack of direct supervision signals,
learning spatio-temporal features for weakly supervised
segmentation is difficult.

Knowledge Distillation (KD) [11] using a teacher-
student network was originally designed for model com-
pression and can gradually improve network learning ca-
pacity [6]. This property allows KD to enhance learning
in weakly or semi-supervised tasks. L2G [15] applied KD
to extend CAM from local to global. SCD [48] uses KD
to incorporate feature correspondence for CAM refinement
in images. Seco [50] employs KD to decouple occurrences
for refining CAM in images. Our method employs KD to
address the challenges of ill-posed video-level weak super-
vision, which causes activation conflicts of features that are
not associated with the correct class.

We use a constrained teacher to allow the network not
only to produce correct activation, but also to refine the
backbone to learn generalized features for new domain-
specific data. Decoupled KD [57] has proven to be a ver-
satile method for flexibly distilling meaningful knowledge.
Our design, which could be categorized as being based on
semi-decoupled KD, is tailored for video weakly supervised
segmentation. Rather than relying on soft labels from the
teacher, we enable the teacher’s predictions while utilizing
ground truth to form gates for student supervision. This ap-
proach allows the student to learn effectively from an imper-
fect teacher while still gaining temporal reasoning abilities.

3. Methods
Figure 2 (left) illustrates the proposed VDST-Net frame-

work. The core of the framework consists of a teacher-
student network pair designed to disentangle spatial and
temporal knowledge. Both utilize a spatio-temporal class
activation map (ST-CAM) and share input from ViT [4] en-
coded frames and video-level class labels as the supervision
signal. The primary distinction between the teacher and
the student lies in their upper-layer feature extraction mod-
ules: the teacher employs a Multilayer Perceptron (MLP),
while the student employs a temporal convolutional net-
work (TCN). This design intentionally restricts the teacher
from temporal interactions, reducing the potential for ac-
tivation conflicts between frames, while progressively in-
creasing the student’s ability to reason across time.

We utilize a semi-decoupled online distillation approach,
where both teacher and student modules are trained us-
ing the same video labels, and efficient knowledge trans-
fer is facilitated through gated activation maps. While the
teacher module has a powerful backbone capable of gen-
erating highly accurate activation maps, it still exhibits de-
tection gaps and cannot consistently provide fully reliable
knowledge for distillation. To resolve these limitations,
the semi-decoupled distillation allows the student module
to selectively learn from the teacher’s gated outputs under
the constraints of video-level ground truth, while enhancing
temporal consistency.

3.1. Video encoder

A ViT encoder is used to encode patches from individual
frames of the input video V ∈ RW×H×D, producing a stack
of token embeddings reshaped as X ∈ Rw×h×D×Ce , where
w = W/P , h = H/P , and P denotes the width/height of a
patch, and Ce is the embedding dimension. X captures fea-
tures with strict temporal correspondence (maintaining the
temporal dimension D) and high spatial correspondence.

3.2. Teacher module

As depicted in the blue block of Fig 2,video embedding
tensor X is further processed by a MLP block that lin-
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Figure 2. Left: Our VDST-Net approach deploying knowledge distillation to disentangle spatial and temporal information for weakly
supervised learning with video-level labels. Ground truth video presence labels Pg provide supervision to both teacher and student, while
knowledge in activation map M t is transferred from teacher to student. Right: Ranked spatial and temporal pooling captures information
about multiple objects in a frame while filtering out spurious information from frames where a target object is missing.

early projects X to a feature map F t ∈ Rw×h×D×C with
C channels , maintaining spatio-temporal correspondence.
Following a line of work on ViT-based 2D CAM [7, 47],
spatial pooling is applied to F t to obtain a slice-wise fea-
ture map F t

s ∈ R1×1×D×C . Then, temporal pooling is ap-
plied to acquire a final feature map for video classification
F t
v ∈ R1×1×1×C . Inspired by weakly supervised tempo-

ral scene anomaly localization [40] we use a ranked top-k
average pooling:

F t,i
s =

1

k1

∑k1

j=1
F t,rij (1)

where i ∈ [1, D] is the temporal index of feature F t
s .

rij ∈ [1, H × W ] is the ranked spatial index of F t at a
given temporal slice. This approach first ranks all the spa-
tial patch features by magnitude, and then selects the top-k1
patches for average pooling. Following a similar strategy,
ranked temporal pooling is applied as:

F t
v =

1

k2

∑k2

l=1
F t,rl
s (2)

where rl ∈ [1, D] is the ranked temporal index of F t
s . k2

is used to select top temporal features. The ranked spatio-
temporal pooling process is illustrated in the Fig. 2 (right).
Maximum pooling or global average pooling can be seen
as extreme cases of ranked pooling (i.e. k2=1 or k2 = D),
which encourage activating either on the most salient fea-
ture location or whole video, causing low accuracy in the

surgical video TOP scenario. Ranked pooling design can
mitigate such issues and force the ST-CAM to activate on
the proper temporal slices and area of interest. Finally, with
a fully connected classification layer FC

t, the final video
prediction P t

v ∈ R1×1×1×N is obtained by P t
v = FC

t(F t
v),

where N is the number of classes. Plugging FC
t channel-

wise to feature map F t results in a multi-channel ST-CAM
M t ∈ Rw×h×D×N . To help the backbone learn generalized
features at different scales, after each MLP layer, features
are randomly downsampled during training with a proba-
bility of 0.5.

3.3. Student module

Employing an MLP for encoding of embeddings X , the
teacher module processes each frame in isolation, thus elim-
inating temporal conflicts. However, this fails to exploit the
temporal coherence to enhance prediction robustness. We
thus designate a temporal convolution-based network in the
student module. As depicted in Fig. 2, the student net-
work adopts the same spatio-temporal pooling mechanism
from the teacher and trains an additional fully connected
classification layer FC

s. This layer produces the student’s
video prediction P s

v ∈ R1×1×1×N and the student ST-CAM
Ms ∈ Rw×h×D×N . The student’s TCN can infer asso-
ciations between frames, yet will introduce errors due to
the absence of frame-level annotation. To mitigate this is-
sue, we utilize a semi-decoupled KD technique that refines
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a student network with higher capacity through efficiently
selected supervision signals.

3.4. Training loss and semi-decoupled knowledge
distillation

The teacher module optimizes on a multi-label soft mar-
gin classification loss Lml(P

t
v , Pg) utilizing ground truth

video labels Pg ∈ R1×N . The student module optimizes
the same classification loss and a KD loss that further re-
fines the student’s activation map. We employ a semi-
decoupled [57] approach to knowledge distillation where
weak video ground truth labels supervise both teacher and
student networks’ predictions while applying KD through
activation maps. KD was used to transfer teacher’s predic-
tion logits as soft labels [6,11], or attention [8,55] ; our ap-
proach is closer to latter, as it uses attention maps to guide
the student [8]. KD loss is computed by considering only
the true positive channel (TPC) and positive slice predic-
tions from the teacher network.

Initially, a teacher slice prediction P t
s ∈ R1×1×D×N

is obtained by applying maximum spatial pooling to the
teacher ST-CAM. Subsequently, we create a TPC slice
kernel Ktp ∈ R1×1×D×N through the operation Ktp =
P t
s ⊗ r(Pg), where r(·) represents a broadcast operation to

match dimensions for element-wise multiplication ⊗. A fi-
nal gated KD loss is calculated by:

lKD = Lmse(M
s ⊗ r(Ktp),M

t ⊗ r(Ktp)) (3)

where Lmse is a Mean Squared Error loss function, and r(·)
here matches the dimension of Ktp to M t and Ms. In anal-
ogy, this operation focusing exclusively on frames where
true positive pseudo masks are predicted, akin to singling
out specific instances for loss calculation. The final loss
used for optimizing the student module is given by:

ls = Lml(P
s
v , Pg) + αlKD (4)

In Eq. (4) α is a scaling factor for the distillation loss. Fi-
nally, we apply a ReLU layer and normalization to the ST-
CAMs extracted from classification networks.

4. Experiments
4.1. Datasets

To investigate the characteristics of our proposed
method, we utilize two distinct video dataset collections:
Cholec80 [45] dataset and YouTube-Objects video dataset
(v2.2) [18]. The Cholec80 dataset consists of 80 cholecys-
tectomy surgery videos, each downsampled to 1 FPS, with
presence labels of seven surgical tools (N = 7) in each
frame. We create a variant TOP video dataset based on
Cholec80. First these videos are split into 30-second clips
without overlap, merging the tool labels across frames to

generate a video-level tool presence binary vector label for
each clip. The test set is based on CholecSeg8K [12] which
contains 8K images from 17 videos in Cholec80 with seg-
mentation labels for instruments and anatomy. From this
dataset we derive 100 video clips containing 3K frames.
To prevent contamination between testing and training data,
5,296 training clips are sampled from 63 Cholec80 videos
not included in CholecSeg8k. We calculate tool frequencies
across clips using frame per clip (FPC) which denotes the
percentage of frames in a clip with the tool present.

We also test our method on YouTube-Objects to demon-
strate the generalizability and robustness of our proposed
method across different types of videos.YouTube-Objects
dataset is a well-known benchmark in the computer vision
community which contains 106 videos for training, and 49
videos for testing, where ten categories (N = 10) of ob-
jects are covered. Each video is split into short-duration
clips, and in each clip a few frames are annotated with a
bounding box for evaluation.

YouTube-Objects dataset has nearly 100% FPC for
each clip and thus represents the second case (Type II –
WSVOS-COP) demonstrated in Figure 1. Most categories
in Cholec80 based dataset appear on average in less than
60% of the frames of a particular video labeled with that
category, which makes it a much more challenging dataset
that represents a WSVOS-TOP (Type III) problem.

4.2. Experimental Setup and Evaluation Metrics

We refrained from data augmentation and present the re-
sults trained only with original images in this paper. Video
frames were resized to 256×256 pixels. Adam optimizer
with a learning rate of 1 × 10−4 and a weight decay of
1× 10−4 was used for training. For the initial nine epochs,
only the teacher module and backbone were optimized.
Subsequently, the student module was activated alongside
the teacher. The k1 value is calculated as 10% of the num-
ber of patches. We fine-tune the k2 value for the ranked-
pooling based on data, and the final results reported in this
paper are under k2 = 67%Lv (Lv is video length) for the
YouTube-Objects data, and k2 = 40%Lv for the surgical
data. We assessed the classification accuracy on frame and
video level. For all the models, final segmentations were
refined using dense CRF [23]. For the surgical dataset,
segmentation performance was evaluated using Intersection
over Union (IoU), Dice score and Hausdorff distance (HD).
For localization performance we use CorLoc (IoU > 50%)
rate [1].

4.3. Surgical video tool segmentation performance

On surgical videos, we compare our method to frame-
level weakly supervised methods MCTformer [47], Lay-
erCAM [16], and XGradCAM [5], all trained with frame-
level labels. Models were adapted to our dataset using their
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Table 1. Comparison to state-of-the-art weakly supervised meth-
ods with either frame-level supervision or video-level supervision.
Video (V) and Frame (F) accuracy (AC).

Method V-AC[%] ↑ F-AC[%] ↑ IoU[%]↑ HD[pixel]↓
MCTformer [47] 98.27 97.63 43.14 50.07
LayerCAM [16] 95.67 94.87 31.97 75.59
XGradCAM [5] 92.21 90.21 32.13 53.53

TCAM [1] 97.08 95.10 28.22 54.60
T only (ours) 98.26 97.56 47.50 48.72

T-S fusion (ours) 97.11 97.23 48.64 39.61
VDST-Net (ours) 96.82 98.23 61.80 28.10
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Figure 3. Activation maps of surgical video clips from different
methods (MCTformer, TCAM, and our VDST-Net).

open-source code implementations. We also compare our
method to the video-level supervised method TCAM [1],
where both our method and TCAM are trained with more
challenging video-level class labels. We test our model
using teacher (T) only, teacher-student (T-S) fusion, and
full VDST-Net variations. For the surgical video data we
utilize pre-trained Masked Auto-Encoder (MAE) ViT back-
bone [10] which is tuned on a large scale data for segmenta-
tion [19] before it is adapted to the new domain (Cholec80).

As presented in Table 1, MCTformer shows the best

performance among frame-level supervision methods. Our
teacher-only method, also using a transformer encoder but
trained on video-level labels, achieves comparable perfor-
mance thanks to MLP and our spatio-temporal pooling. Full
VDST-Net significantly enhances the segmentation perfor-
mance (61.80% IoU), with a slight trade-off in video clas-
sification score due to potential conflicts between KD loss
and classification loss. Figure 3 presents activation maps
predicted from different methods, VDST-Net produces ac-
tivation maps capable of discerning object shapes more ef-
fectively than MCTformer.

TCAM achieved commendable video and frame accu-
racy of 97.08% and 95.10%, respectively. However, in con-
trast to detection results on the YouTube-Objects (see be-
low), its segmentation performance drops compared to our
method, indicating a challenge in learning representations
for WSVOS-TOP problems (i.e. in surgical videos).

4.4. Performance on YouTube-Objects

As shown in Table 2, among state-of-the-art methods,
TCAM [1] leads in performance on the YouTube-Objects
dataset for localization. However, qualitatively, it tends
to underfit the object contours and over-activate on back-
ground, resulting in lower segmentation quality compared
to our method (Figure 4). Our method achieves an overall
accuracy improvement from 72.2% to 75.6%. Segmenta-
tion scores are not reported due to the lack of ground truth
masks in the official dataset.

Originally, we utilized the pre-trained DINO ViT [2] as
backbone and fine-tuned it on domain-specific data. Here
we also measure performance using a ResNet34 backbone
by converting features to the form of ViT. We investigated
different optimization strategies for the backbone on new
domain data: back-propagation through the teacher (de-
noted as “refined by T”), through the student (“refined by
S”), or keeping the backbone frozen. We also present detec-
tion results from either Teacher (T) or final student (full), or
extracted from fused CAM (T-S fusion).

Results show that even a frozen ResNet captures a cer-
tain level of generalized features. Through our semi-
decoupled KD approach, we improve performance from
56.6% to 69.1%. Interestingly, refining the backbone
through the student tends to degrade the final output com-
pared to MLP teacher (68.4% to 67.4%), likely due to the
challenge of learning generalized features from video-level
labels. Optimizing the backbone through the teacher proves
to be the effective approach for both ResNet and ViT back-
bones leveraging well-learned features. For ResNet, we
observe that the T-S fusion has a better localization score
than the final student (72.2% vs. 70.6%), possibly because
ResNet features are less generalized and lean more toward
the MLP from the teacher module, while the activations
learned by the student complement those of the teacher.
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Table 2. Detection performance on YouTube-Objects [34] dataset under CorLoc Metrics. S=Student, T=Teacher

Method Aero Bird Boat Car Cat Cow Dog Horse Mbike Train avg
(Joulin et al., 2014) [17] 25.1 31.2 27.8 38.5 41.2 28.4 33.9 35.6 23.1 25.0 31.0
(Kwak et al., 2015) [24] 56.5 66.4 58.0 76.8 39.9 69.3 50.4 56.3 53.0 31.0 55.8

(Rochan et al., 2016) [36] 60.8 54.6 34.7 57.4 19.2 42.1 35.8 30.4 11.7 11.4 35.8
(Tokmakov et al., 2016) [42] 71.5 74.0 44.8 72.3 52.0 46.4 71.9 54.6 45.9 32.1 56.6

(Koh et al., 2016) [21] 64.3 63.2 73.3 68.9 44.4 62.5 71.4 52.3 78.6 23.1 60.2
(Tsai et al., 2016) [44] 66.1 59.8 63.1 72.5 54.0 64.9 66.2 50.6 39.3 42.5 57.9

(Haller and Leordeanu, 2017) [9] 76.3 71.4 65.0 58.9 68.0 55.9 70.6 33.3 69.7 42.4 61.2
(Croitoru et al., 2019) [3] 81.7 51.5 54.1 62.5 49.7 68.8 55.9 50.4 33.3 57.0 56.5

XGradCAM(Fu et al., 2020) [5] 68.2 44.5 45.8 64.0 46.8 86.4 44.0 57.0 44.9 45.0 54.6
LayerCAM(Jiang et al., 2021) [16] 80.0 84.5 47.2 73.5 55.3 83.6 71.3 60.8 55.7 48.1 66.0
TCAM (Belharbi et al., 2023) [1] 79.4 94.9 75.7 61.7 68.8 87.1 75.0 62.4 72.1 45.0 72.2

VDST-Net + Res34 frozen
T only 70.6 97.8 44.7 78.0 31.3 57.7 53.8 42.5 73.9 15.6 56.6

T-S fusion 81.6 97.7 74.4 73.9 66.7 71.4 71.8 51.6 59.5 25.0 67.4
full 91.5 93.5 67.4 82.5 63.4 80.6 64.1 56.3 55.3 36.2 69.1

VDST-Net + Res34 refined by S
T only 88.0 95.7 74.6 69.7 78.5 80.7 57.1 62.4 55.8 20.9 68.4

T-S fusion 87.7 95.1 76.1 70.5 81.6 81.2 58.7 61.3 58.0 22.9 69.3
full 86.4 95.1 77.8 71.8 76.2 77.2 54.2 55.1 57.7 22.1 67.4

VDST-Net + Res34 refined by T
T only 86.1 94.3 75.6 72.9 76.7 76.2 57.9 60.4 61.6 23.1 68.5

T-S fusion 90.0 93.3 77.2 71.8 84.8 80.7 60.9 68.8 58.6 36.4 72.2
full 85.4 90.9 73.2 69.0 82.5 75.2 55.8 73.8 51.5 48.4 70.6

VDST-Net + DINO ViT (refined by T)
T only 83.8 88.6 69.5 59.3 80.7 76.6 43.2 64.9 48.7 17.8 63.3

T-S fusion 91.0 88.2 72.7 68.7 85.9 79.2 52.4 70.4 55.9 37.0 70.1
full 92.3 91.8 72.3 70.1 82.2 82.5 73.6 72.6 67.8 50.7 75.6

In conclusion, we recommend using ViT within our frame-
work and advise against direct student-driven backbone re-
finements.

4.5. Ablation Study

We evaluated the effects of architecture modifications,
pooling variations, and training techniques on model per-
formance (Table 3). Figure 5 shows activation maps from
different conditions. Additionally, we demonstrate a further
refinement of segmentation generated by using activation
maps as prompts for the SAM [19], showcasing a way of
generating semantic pseudo-labels.
Importance of knowledge distillation: The results high-
light the significance of KD through teacher and student
modules for enhanced segmentation accuracy. A standalone
student module, lacking frame-level supervision, shows a
notable decline in segmentation performance (Dice score
from 67.80% to 47.64%), because it predicts error activa-
tion by taking information from wrong frames or features,
pointed out by red arrowheads in Figure 5. The teacher
module has no such issue but lacks the ability to generate
activation maps with good connectivity, as indicated by red
asterisks in the figure.
Effect of ranked top-k pooling: We compare the ranked
top-k pooling to global average and max pooling. Specif-
ically, with average pooling, we noted a decrease in Dice
score by 11.49%, and with max pooling, the decrease was
11.71%. Furthermore, there was a considerable decrease in
frame classification accuracy, amounting to 3.72% with av-

TCAMActivation MapInput Binary Mask

Figure 4. Segmentation and detection performance on YouTube-
Objects. The second and third columns are the activation maps and
post-processed binary masks of our method. In the last column
results are taken from [1].

erage pooling and 3.04% with max pooling.
TPC decoupling strategy: Additionally, the proposed
TPC slice kernel for activations gating, enhances the stu-
dent’s learning. The absence of this component leads to
a decline in segmentation performance by 4.16% in Dice

8008



Table 3. Ablation study with modifications of overall architecture, spatio-temporal pooling and training strategies. W/O denotes a specific
module is removed.

Conditions Video AC[%]↑ Frame AC[%]↑ IoU[%]↑ Dice[%]↑ HD[pixel]↓
VDST-Net full 96.82 98.23 61.80 67.80 28.10

Structural ablation Teacher only 98.41 97.56 47.50 53.07 48.72
Student only 94.37 94.76 42.83 47.78 69.45

Training
Avg pooling 94.37 94.51 53.16 56.31 41.65
Max strategy 94.95 95.19 52.47 56.09 40.05

W/O TPC kernel 96.54 97.10 60.46 63.64 40.75

Input GT mask Teacher only Student only Our full Final mask

*

*

W/O TPC

Figure 5. Qualitative results of ablation study and final segmentation masks.

and 1.34% in IoU, as demonstrated in Table 3, due to over-
introduced loss from non-target class knowledge [57].

5. Conclusion
We presented a novel framework named VDST-Net for

WSVOS in surgical videos, which is end-to-end trained
with coarse video labels. This method uses a teacher-
student architecture and KD to disentangle spatial and tem-
poral knowledge, minimizing temporal interference for the
teacher while enhancing the student’s learning capacity.
Experiments on both COP and TOP datasets demonstrate
our method’s efficacy in generating accurate segmentation
maps, outperforming state-of-the-art approaches.

Future work could involve using pseudo masks gen-
erated by the student network to train a subsequent
lightweight student network (e.g., U-net) for real-time in-

ference. Additionally, our method could be applied to other
video datasets beyond the surgical domain, and exploring
spatial knowledge captured by other backbones or founda-
tion models for WSVOS using our method would be inter-
esting. We also suggest that, although the student should
not directly update the backbone in a shared backbone de-
sign, employing separate backbones combined with contin-
ual learning strategies such as Exponential Moving Average
(EMA) [41] or Elastic Weight Consolidation (EWC) [20]
for updating weights could be beneficial.
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Julien Mairal, Piotr Bojanowski, and Armand Joulin. Emerg-
ing properties in self-supervised vision transformers. In 2021
IEEE/CVF International Conference on Computer Vision,
ICCV 2021, Montreal, QC, Canada, 2021. 6

[3] Ioana Croitoru, Simion-Vlad Bogolin, and Marius
Leordeanu. Unsupervised learning of foreground ob-
ject segmentation. International Journal of Computer
Vision, 2019. 7

[4] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, Jakob Uszkoreit, and Neil Houlsby. An image is
worth 16x16 words: Transformers for image recognition at
scale. In 9th International Conference on Learning Repre-
sentations, ICLR 2021, Virtual Event, Austria, 2021. 3

[5] Ruigang Fu, Qingyong Hu, Xiaohu Dong, Yulan Guo,
Yinghui Gao, and Biao Li. Axiom-based Grad-CAM: To-
wards accurate visualization and explanation of CNNs. In
31st British Machine Vision Conference 2020, BMVC, 2020.
5, 6, 7

[6] Tommaso Furlanello, Zachary Chase Lipton, Michael
Tschannen, Laurent Itti, and Anima Anandkumar. Born-
again neural networks. In Proceedings of the 35th Interna-
tional Conference on Machine Learning, ICML 2018, Stock-
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