Revisiting Sequence-to-Sequence Video Object Segmentation with Multi-Task Loss and Skip-Memory
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Introduction Border Distance Mask as Auxiliary Objective Comparison with SotA and Visual Samples

One-shot Video Object Segmentation (VOS) aims to segment an object of interestina  ® The standard loss used in the baseline is BCE, which provides only coarse  Method Online training  Jscen  Junseen  Fscen  Funseen  overall
video sequence, where the object mask in the first frame is provided. Amongst the Iocaliggtion infornjz_ation to tlhe model (a pixel belc_:r)gslto background or foreground) OSVOS [1] yes 598 54.2 60.5 60.7 58.08
different approaches proposed in the literature for solving VOS, we studied an e We utilize an additional objective of border classification for VOS MaskTrack [2] yes 59.9 45.0 59.5 419 53.08

: . _soving ' ; e By applying a distance transform to the mask, a border class is assigned to each OnAVOS [3] yes 60.1 46.6 62.7 514 55.20
RNN-based approach [6] due to their effectiveness in utilizing the Spatio-temporal pixel OSMN [4] No 60.0 40.6 60.1 440 51.18
information without requiring an additional external memory component. Our main e« Via the auxiliary task of border classification, fine-grained localization information is EYSOIS()][J] :g 22‘? ig: gz'g :rl]l; ;g"gé
contributions in this work are as follows. provided to the model, resulting in improved segmentation accuracy S25++(ours) No 68.68  48.89 72.03 54.42 61.00

e Identifying a limitation of this model in tracking smaller objects and addressing this
with introducing the skip-memory connections

e Incorporating an auxiliary task, namely border distance classification which
considerably improves the segmentation quality by providing fine-grained
localization information to the model

Baseline

“ n I Comparison of our method with other state of the art models on YouTube-VOS dataset

Final Architecture

e 525 [6] has an encoder-decoder architecture (VGG as backbone) with an RNN
module in the bottleneck to memorize the target object

e An initializer network is used to process the first frame and segmentation mask
and generate the initial hidden states of the RNN

e The training objective is binary cross-entropy loss
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> In this work, we studied a limitation of S2S [6] model for tracking smaller
objects and addressed this challenge with introducing skip-memory
|ncorp0rating Sk|p_Mem0ry connections \ Convolusion Layer connections, a memory-augmented skip connection that enables the model to

track the target at multiple scales.
> Furthermore, we incorporated the auxillary task of border distance classification
which improves the segmentation quality by providing .

. Classification Layer
We observed that the model has a much lower performance for smaller objects!

........ #  Skip Connection

)‘ f an comsTH ; > We achieve considerable improvement in segmentation accuracy with only
K \ \ t=1 minimal changes to the S28 architecture.
¥ ’( 74 * > QOur model does not rely on any form of external memory. This is advantageous
\ \ \ \ Ablation Study s:ce using external memory results in additional constraints in the inference
. phase.
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