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This document provides additional information on the detailed experimental
implementation and more qualitative results to demonstrate the effectiveness of
our proposed method.

A Implement Details

A.1 Training Settings

The training process of our model is divided into three main stages and the
details of our training approach are shown in Tab 1. First, in the initial stage,
we apply affine and thin-spline transformations to static images [3,6,8,9,11] for
synthesizing video clips consisting of three frames. We pre-train the model on
these generated sequences, setting the segmentation target to one and the length
of sampled sequences is 3 in this phase. Then, in the second stage, we conduct
further train the model on the BL30K [2] dataset, where the segmentation tar-
get is set to three. Finally, in the main training stage, we train the model on

Table 1: Training parameters.

Config ‘ Stage 0 ‘ Stage 1 Stage 2
optimizer AdamW AdamW AdamW
base learning rate 3e-5 3e-5 3e-5
weight decay 0.05 0.05 0.05
droppath rate 0.15 0.15 0.15
batch size 16 16 16
num ref frames 2 3 3
num frames 3 5 5
max-skip - [10, 15, 5, 5] [10, 15, 5, 5]
max-skip-itr - [0.1,0.3,0.8,1] [0.1, 0.3, 0.8, 1]
Iterations 150,000 250,000 160,000
learning rate schedule steplr steplr steplr
training set Static datasets BL30K YouTube-VOS DAVIS

video datasets YouTube-VOS [10] and DAVIS [7] to obtain the final model. The
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sampled length of sequences in this stage is set to 5 and the number of reference
frames is 3. The training is conducted on 8 NVIDIA V100 GPUs, it takes about
2 days to finish the whole main training on video datasets.

During the training process, to achieve a more robust cross-frame association,
we train our model using different sampling lengths, such as 5, 10, and 15. The
image size is set to 384 in static image pretraining. While in the training of video
datasets, we set it to 480. In order to mitigate overfitting and improve the ability
to generalize to unseen objects in YouTube-VOS, we utilize a larger droppath
rate, specifically set at 0.15, in our training process. Our training utilizes a batch
size of 16 and employs the same loss function as XMem [1], bootstrapped cross
entropy loss, and dice loss with 0.5:0.5 weighting. We employ the AdamW [5]
optimizer with a learning rate of 3e-5 and a weight decay of 0.05. For static
image pretraining, we run 150K iterations using a batch size of 16, and for the
main training phase on video datasets, we conduct 160k iterations with a batch
size of 16. When fine-tuning the LVOS dataset [4], due to the smaller and fewer
targets in LVOS, we opt to sample two targets and train for 110k iterations.

A.2 Inference Details

During the inference phase, we primarily maintain three types of variables: ref-
erence frames, spatial memory, and temporal memory. For the reference frames,
we sample three frames in the spatial memory as references. Among these, one
frame is always the first frame, while the other two frames are sampled in a
spatial memory which is a queue based on the first-in-first-out principle. For the
temporal memory, following the standard hyperparameters in [1], we configure
Tinaz to be 10, 1,5, to be 5, set the maximum number of elements to 10,000, and
apply top-k filtering with 30. When conducting inference on the DAVIS dataset,
we update the temporal memory and object features every three frames, while
for inference on YouTube, we set this update interval to every five frames.

B Visualized Attention Map

To more clearly demonstrate the effects of feature correlation and target enhance-
ment in our proposed spatial-temporal multi-level feature association (STML),
we provide attention maps within the STML. First, we visualize the results of
attention on different targets between the test frame and reference frames. In
Fig 1, we visualize the attention in the test and reference frames related to target
patches. The selected target position is highlighted with a red box. The results
demonstrate that our model can accurately match the target location in the
reference frames, achieving the purpose of feature correlation and target associ-
ation. The results of the cross-attention of target features on historical frames
are presented in Fig 2, which demonstrates that our method has enhanced the
target features of historical frames. Fig 3 shows a comparison with and without
object features. The inclusion of object features enhances the target features in
reference frames.
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Fig. 1: Visualized results of attention map for test frame to reference frames.
We select a position on the three target test frames to calculate attention with both
the test frame and the reference frames.

Fig. 2: Visualized results of attention map for object features to reference
frames.

C Qualitative Visualization

We provide more qualitative visualization in Figure 4. In scenarios involving
ambiguity (cats, sharks), similar targets (fish, dolphins), and significant defor-
mations (umbrellas), our model consistently achieves impressive results.



4 Miao et al.

.
.

Fig. 3: Visualized results of attention map with or without object features
in reference frames.
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Fig.4: Visualized results In scenarios involving ambiguity (cats, sharks),
similar targets (fish, dolphins), and significant deformations (umbrellas).
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