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Abstract
query
Semi-supervised video object segmentation (VOS) has = f‘;@ j—»
been largely driven by space-time memory (STM) networks, quety frame

which store past frame features in a spatiotemporal mem-
ory to segment the current frame via softmax attention.
However, STM networks face memory limitations due to
the quadratic complexity of softmax matching, restricting
their applicability as video length and resolution increase.
To address this, we propose LiVOS, a lightweight memory
network that employs linear matching via linear attention,
reformulating memory matching into a recurrent process
that reduces the quadratic attention matrix to a constant-
size, spatiotemporal-agnostic 2D state. To enhance selec-
tivity, we introduce gated linear matching, where a data-
dependent gate matrix is multiplied with the state matrix
to control what information to retain or discard. Exper-
iments on diverse benchmarks demonstrated the effective-
ness of our method. It achieved 64.8 J&F on MOSE and
85.1 7 & F on DAVIS, surpassing all non-STM methods and
narrowing the gap with STM-based approaches. For longer
and higher-resolution videos, it matched STM-based meth-
ods with 53% less GPU memory and supports 4096p in-
ference on a 32G consumer-grade GPU-a previously cost-
prohibitive capability—opening the door for long and high-
resolution video foundation models.

1. Introduction

Video object segmentation (VOS) involves separating spe-
cific objects from the background in a sequence of video
frames. It plays a critical role in various real-world ap-
plications, including robotics [41], video editing [28], and
medical imaging [45]. Based on the level of user input,
VOS tasks are generally categorized into three settings:
unsupervised, semi-supervised (or one-shot), and interac-
tive [20]. In this work, we focus on the semi-supervised set-
ting, where the segmentation of the first frame is provided,
and the model is required to propagate this segmentation
across subsequent frames.
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Figure 1. Top: Conceptual comparison of softmax vs. linear
matching in video object segmentation. Bottom: Softmax match-
ing suffers from memory constraints due to its quadratic attention
complexity, while linear matching achieves linear growth with a
constant-size state. Curves are based on results in Tab. 3.

Semi-supervised VOS is primarily driven by space-time
memory (STM) networks [10, 12, 14, 36, 43], which store
past frames and their segmentations as keys and values in
the memory bank to help segment the query frame. Seg-
mentation occurs by matching each pixel in the query frame
to all spatiotemporal pixels in the memory frames via soft-
max attention [49]. This softmax matching process is highly
inefficient due to the large attention matrix with space and
time complexities of O(HW xTHW), where H and W in-
dicate the spatial dimensions of an image and 7" is the num-
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Figure 2. CPU latency comparison between softmax matching and
linear matching. Softmax attention scales linearly over time (i.e.,
the number of memory frames 7") and quadratically with input res-
olution HW . Latency is measured on an Intel Core-i7 (2.80GHz)
CPU with PyTorch 2.0, batch size 1, and fp32.

ber of memory frames. Here the number of objects is not
considered for simplicity. As shown in Fig. 2, the CPU la-
tency of softmax matching increases linearly over time and
quadratically with spatial dimensions. This is problematic
as video length or resolution increase, making computations
too slow or causing out-of-memory issues (Fig. 1).

To alleviate these issues, one could limit the number
of memory frames or downsample the video’s spatial res-
olution. However, a fixed-size memory bank may lead to
failures in challenging scenarios such as for occlusions or
fast-moving objects [10]. Further, downsampling a video’s
spatial resolution may lose fine details in object masks,
as shown in Fig. 3, leading to inaccurate segmentations.
Therefore, memory networks relying on softmax match-
ing face significant challenges as video lengths and res-
olutions increase, limiting their applicability on resource-
constrained devices.

To address these challenges, strategies such as knowl-
edge distillation [34], recurrent feature embedding [29], and
spatiotemporal redundancy compressing [53] have been ex-
plored. However, these methods still rely on softmax match-
ing, which we identify as the core memory bottleneck. We
address this limitation by introducing linear matching, re-
formulating the memory matching process into a recur-
rent framework that reduces the large attention matrix to a
constant-size 2D state, yielding space and time complexities
of O(THW). To enhance selectivity, we further introduce
gated linear matching, where the state is multiplied by a
data-dependent transition matrix [58] that determines what
information to retain or discard. Additionally, we leverage
lightweight sensory memory [10] and object memory [14]
to improve performance (we claim no contribution for these
components). We thus present LiVOS, the first light mem-
ory network that maintains constant memory usage for ar-
bitrarily long videos and achieves linear memory growth as
video resolution increases.

We evaluated LiVOS on a diverse range of video bench-
marks, including both short- and long-term video datasets,
as well as high-resolution videos. It achieved 64.8 J&F
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Figure 3. Masks of thin structures at different resolutions. Thin
structures may lose fine details at 480p, the standard resolution
for VOS. However, existing memory networks relying on softmax
matching are not efficient for processing high resolution videos.

on MOSE and 85.1 J&F on DAVIS, surpassing all non-
STM methods and narrowing the gap with STM-based
approaches. For longer and higher-resolution videos, it
matched STM-based methods with 53% less GPU mem-
ory and supports 4096p inference on a 32G consumer-
grade GPU, which is not easily possible with softmax atten-
tion. While our method is not optimized for high-resolution
videos, it paves the way for developing foundation models
tailored to the high-resolution regime.

In summary, we introduce a lightweight memory net-
work that: 1) employs linear instead of softmax attention
for memory matching, enabling efficient video object seg-
mentation, 2) maintains constant memory usage regardless
of video length, and 3) supports 4096p high-resolution in-
ference on 32G consumer-grade hardware. Our method
demonstrates competitive performance across various video
benchmarks, offering computational efficiency compared to
state-of-the-art methods.

2. Related Work

Semi-supervised VOS. Semi-supervised VOS methods
propagate sparse manual annotations, typically provided as
one or more labeled frames, across the entire video se-
quence. Note that the term “semi-supervised” refers to the
level of supervision required during inference, not train-
ing [39]. Early VOS methods [1, 2, 25, 33, 38] solve
an optimization problem with an energy defined over a
graph structure with hand-crafted energy terms. With
the success of deep learning, various deep networks [3—
5, 7, 24, 30, 47, 48, 50, 52-55] have been proposed, in-
cluding propagation-based [40], detection-based [7], and
hybrid methods [35, 57]. Among these deep networks, on-
line learning [7, 32, 51] is a common practice in which net-
works are trained or fine-tuned during test time. However,
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online learning results in slow inference, which limits its
practical use. To eliminate the need for online adaptation,
offline methods [10-14, 36, 59] design deep networks that
can perform object-agnostic segmentation at test time. Our
method belongs to offline learning approaches; specifically,
it uses a memory network with linear matching.

Memory-based VOS. Space-time memory (STM) net-
works [10, 12, 14, 36, 61] are popular memory-based meth-
ods. The seminal work of Oh et al. [36] stores past frames
and their object masks as key-value pairs to help segment
the current frame, treated as a query. Segmentation is per-
formed by matching each spatial position in the query to
all spatiotemporal positions in the memory frames via soft-
max attention [49]. This softmax matching mechanism has
been widely adopted in subsequent works [10, 12, 14, 43],
with improved computational efficiency [12, 61] and hierar-
chical memory storage [10]. Recently, Cutie [14] achieved
state-of-the-art performance by enhancing memory read-
out with an object transformer using cross attention. How-
ever, such methods encounter high computational costs and
out-of-memory issues as video length and resolution in-
crease [10, 12—-14, 29]. In contrast, our method applies
linear attention for memory matching, reducing the large
softmax attention matrix to a constant-size 2D state. This
enables constant computational costs for arbitrarily long
videos and greatly improves memory efficiency as resolu-
tion scales.

Efficient attention. Traditional softmax attention [49]
suffers from significant memory bottlenecks with high-
resolution videos segmentation, as it requires storing an
attention matrix that is quadratic to the number of pixels
in each frame. Linear attention [27] reduces the compu-
tational complexity of attention from quadratic to linear
by linearizing the attention, which can be computed recur-
rently as a linear recurrent neural network. While linear
attention is computationally more efficient, it often comes
with a trade-off in model performance. Shen et al. [44]
improve linear attention by proposing a separate normal-
ization of queries and keys using a softmax function before
computing the inner product. Cai et al. [8] propose multi-
scale linear attention for high-resolution dense prediction
tasks, achieving state-of-the-art performance. Flash Atten-
tion [16] accelerates GPU training by optimizing the use
of memory hierarchy, while sparse-local attention [15] and
sliding window attention [26] reduce global attention costs
through selective focusing on parts of the spatio-temporal
volume. Recently, Yang et al. [58] introduced gated lin-
ear attention, an improved version of linear attention with
data-dependent gates, delivering competitive performance
in language modeling compared to standard softmax atten-
tion and other linear-time-inference models such as Ret-

Net [46] and Mamba [21]. Building on these advances,
we investigate linear attention for semi-supervised VOS to
overcome the scalability challenges of softmax-based mem-
ory networks in long, high-resolution settings.

Efficient VOS. With the rise of long and high-resolution
videos, efficiency in VOS has become crucial to handle
larger data volumes and computational demands while en-
suring high-quality performance. Early propagation-based
methods [9, 57] are fast and memory-efficient but less accu-
rate. Recent memory networks [12, 36] improve efficiency
by updating the memory bank every five frames for long
videos. XMem [10] enhances memory efficiency further
by bounding memory bank size and introducing a training-
free memory consolidation mechanism for long-term VOS,
along with a sensory memory for temporal smoothness.
This hierarchical memory design is adopted by Cutie [14],
which uses cross-attention in an object transformer to boost
performance. However, Cutie’s fixed-size memory bank
still faces computational limits with increasing resolution
and struggles with occlusions and fast motion. Our ap-
proach overcomes these limitations by replacing softmax
matching, the primary memory bottleneck, with linear
matching, ensuring constant costs for long videos and linear
memory growth as resolution scales.

3. Method

We propose LiVOS, a light memory network for video ob-
ject segmentation. The key innovation lies in replacing
softmax matching with linear matching in standard space-
time memory networks, effectively eliminating the large at-
tention matrix that grows linearly over time and quadrati-
cally with spatial dimensions. With linear matching, LiVOS
maintains a constant-size state matrix that is updated recur-
rently, making it highly efficient and well-suited for long
and high-resolution videos. In the following sections, we
first outline the architecture of the light memory networks
(Sec. 3.1), then present gated linear matching (Sec. 3.2), an
enhanced form of linear matching at the core of our method,
and conclude with implementation details (Sec. 3.4).

3.1. Light Memory Networks

As discussed in Sec. 1, classical space-time memory (STM)
networks are highly inefficient due to the quadratic com-
plexity of softmax attention, leading to memory issues as
video length and resolution grow. To address this, we re-
duce computational complexity by using linear attention
for memory matching, replacing the large attention matrix
with a lightweight, constant-size state matrix. This design
forms the basis of our light memory network, as illustrated
in Fig. 4. We first encode video frames into keys with an
image encoder and masks into values with a mask encoder.
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Figure 4. LiVOS Overview. Given a query frame, we first extract its key using an image encoder and retrieve its value via gated linear
matching. This value is then enhanced by two external memories before being processed by a lightweight mask decoder for segmentation.
Notably, during memory matching, our method requires only a constant-size state and gate matrix. The gate matrix is generated by a gate
projector that converts the pixel-level features from the last memory frame into a sparse vector, which is then transformed to a gate matrix

for element-wise multiplication with the state.

We then employ gated linear matching, an enhanced form
of linear matching, to generate the query frame’s memory
readout. Following Cutie [14], we enrich the memory read-
out by two lightweight memories: a sensory memory [10]
for low-level object information and an object memory [14]
for high-level object semantics. The sensory memory is
fused with the readout via element-wise addition, while the
object memory is fused via an object transformer consisting
with cross-attention layers. The enriched readout is then
processed by a mask decoder to generate the final segmen-
tation mask. Additionally, we reuse features from the key
encoder to enhance the features for both the value encoder
and the mask decoder. In the next section, we detail gated
linear matching, the core of our light memory network.

3.2. Gated Linear Matching

Notations. Given ¢t memory frames I;.; and their segmen-
tations M .., we extract from them memory keys K;.; €
RHWXCk and values Vi, € RUHIWXCo  Here, H and
W denotes the spatial dimensions, and C}, and C, are the
feature dimensions for the keys and values, respectively.
Given a query frame I,;;, we aim to obtain its segmen-
tation M 1. We first extract its key K, ; € REW*C and
then retrieve its value V1 € RTW>C% through gated lin-
ear matching. To illustrate this, we begin by introducing the
traditional softmax matching.

Softmax Matching. Softmax matching is widely used in
space-time memory (STM) networks [10, 12, 14, 36]. Sup-
pose we have a spatiotemporal memory consisting of mem-
ory keys K., € RHHWXCk and values V., € RHIWXCo,
Given a query frame I, we first extract its key K1 €
RHWXCx and then retrieve its value V,; € REW*Cv yia
softmax attention:

VtJrl = Softmax(KtHK{t)Vl;t. (1)

We reformulate the above softmax attention in a parallel
form for ¢t memory frames:

Yiy cap(Ki KTV,
iy erp(Kep K1
where exp(-) is an element-wise exponential for the matrix
entries and 1 € RA™W>1 is an all-one vector. The divi-
sion in the above equation is applied element-wise over the
spatial dimensions W . Unless specified otherwise, we
will continue using this element-wise division throughout
the manuscript to keep the notation concise.

Based on Eq. 2, we can write a generalized memory
matching for any similarity function as follows,

Vg =

(@)

S sim(Kep1, KoV,
Sy sim(Kpy1, K1

Eq. 3 is equivalent to Eq. 2 if we use the similarity function
sim(Kgq1, Kj) = ewp(KHlKiT).

Vi = 3)

8671



Linear Matching (Parallel Form). The similarity func-
tion sim(-) in Eq. 3 needs to be non-negative. Given a
kernel k(z,y) = (¢(x), #(y)) with a feature representation
¢(+), we can rewrite Eq. 3 as follows,

Siey O(Ki1)o(Ki) TV,
Yoy (Ki1)o(Ki)T1
and then further simplify it by making use of the associative
property of matrix multiplication to

Vip1 =

“)

_ A1) Yiy o(Ki)"V;
O(Ki1) iy #(Ki)T1
@(-) can be any non-linear function. Inspired by Shen et

al. [44], we set ¢(-) as softmax function that is applied row-
wise to the keys K; € REW*Cr,

®)

VtJrl

Linear Matching (Recurrent Form). Letting S; =
22:1 #(K;)TV,; and Z; = 25:1 #(K;)T1 where S; €
RExXCuxN and 7, € RE*HW we can rewrite Eq.5ina
recurrent form,

S: =Si-1 + oK)V, (©6)

Zi=1Z 1+ ¢(K;)T'1, (7)
&(Kiy1)Se

Vi = 2t 8

T SRz ®

Here, S; € R > can be regarded as a 2D recurrent
hidden state that is constant size. From a sequence mod-
eling perspective [27], #(K;)TV; expands the state from
the key space R and value space RC" into the state space
RC**C while ¢(K;1)S; reduces it back.

Complexity Analysis. For softmax matching in Eq. 2, the
space and time complexity is O(THW x HW x N ), where
T is the number of memory frames, H and W are spatial di-
mensions, and N is the number of objects. It is quadratic
in the spatial dimensions HW because the attention ma-
trix must be stored to compute the weights for values. In
contrast, /inear matching has space and time complexity of
O(HW x N). It is linear in the spatial dimensions HW
because we reduce the large attention matrix to a constant-
size 2D state S;. Fig. 2 shows the CPU latency comparison
between linear and softmax matching.

Gated Linear Matching. The linear matching in Eq. 8
does not have a selection mechanism, which has shown to
be crucial in long-context tasks [6]. To enhance selectiv-
ity, we propose gated linear matching in Eq. 9, where the
state S; € R > is multiplied element-wise by a data-
dependent forget gate G; € (0,1)9+*Cv,

S: =G;®8S;1 + oK)V, 9

where © denotes element-wise multiplication. The gate
G, controls which information is enhanced or suppressed
(more details please refer to Sec. 3.4). Although the concept
of gated linear matching is inspired by gated linear atten-
tion [58] in language modeling, we explore its application
in the context of semi-supervised VOS.

3.3. Fusion with External Memory

After gated linear matching, we obtain the memory read-
out V4, for the query frame I, ;. Following Cutie [14],
we enrich it with two lightweight external memories: a sen-
sory memory for low-level object information and an object
memory for high-level object semantics. We present abla-
tion studies for these two modules in Sec. 4.4. Since we
claim no contributions for these components, we provide
additional details in the Appendix.

3.4. Implementation Details

Encoder. We use ResNet-50 [22] as the image encoder
and ResNet-18 [22] as the mask encoder, each produc-
ing multi-scale features: f;, fg, and the coarsest feature
fig € R WxCs  where the subscript denotes the stride
16. Keys K € RFWXCk are extract from the image en-
coder’s coarsest feature using convolutional layers, and val-
ues V € RIWXCv are similarly extracted from the mask
encoder’s coarsest feature. Following Cutie [14], the im-
age encoder’s multi-scale features are reused in the mask
encoder for value extraction, with C}, = 64 and C,, = 256.

Decoder. We adopt the lightweight mask decoder from
Cutie [14] for simplicity and efficiency. This decoder takes
as input the value readout V at stride 16 and skip connec-
tions f; and fg from the image encoder at strides 4 and 8,
respectively. The value readout is processed with two up-
sampling blocks, incorporating skip connections to retain
high-frequency details. Each block bilinearly upsamples the
input feature by a factor of two, then adds the result to the
skip-connection features. For multi-object cases, we apply
soft-aggregation [36] to merge object logits.

Gate. The state gate can be parameterized in various
ways [58], depending on a balance between parameter ef-
ficiency, training efficiency, and state size. In our work, we
obtain the data-dependent gate via low-rank parameteriza-
tion G¢ € RE*C = 417, where 1 € R *! is an all-
one vector and o € (0, 1)9%*1 is extracted from the image
encoder’s coarsest feature map f;, € RYW*Cs To imple-
ment this, we first use a depth-wise convolutional layer to
convert the feature f; from RZW*Cs to REWXCr and then
sum over its spatial dimensions to obtain cy € RC=*1 fol-
lowed by a Sigmoid function to obtain ay € (0,1)**1,
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Pretraining. Our method relies solely on ImageNet [17]
pretraining, without additional pretraining on static images
or synthetic videos like BL30K [34]. While static image
pretraining is standard in baseline methods (Sec. 4.2), we
omit it due to its marginal improvement and increased com-
putational burden.

Training. We use a combined loss function of cross-
entropy and soft dice loss with equal weighting follow-
ing [10, 13, 14]. Following Cutie [14], we adopt point su-
pervision with K = 12544 sampled points instead of the
whole mask for efficient training. We use PyTorch [37] and
AdamW [31] optimizer with an initial learning rate of le ™4,
a batch size of 16, and a weight decay of 0.001. Each train-
ing batch contains 8 frames randomly selected from a video
and cropped to a default size 480 x 480. Our training lasts
for 125K iterations, reducing the learning rate by a factor of
10 after 100K and 115K iterations. The state and the gate
are updated for each frame in a training batch. To mitigate
overfitting, we apply a learning rate multiplier r = 0.1 to
the image encoder. We also clip the global gradient norm to
7 = 3 and use stable data augmentation [13]. The training
processes were conducted on four NVIDIA A6000 GPUs.

Inference. Unless stated otherwise, we resize the input
videos so that the shorter edge is no more than 480 pix-
els, then rescale the model’s prediction to the original res-
olution. We segment video frames sequentially and update
the state as well as the gate for each frame. For datasets
such as YouTube-VOS [56] where new objects may appear
in intermediate frames, we create a new state for each new
object with negligible computational costs. Note that train-
ing has no such issue because we fix the number of classes
in a training batch. The evaluations were conducted using
an NVIDIA A6000 GPU.

4. Experiments
4.1. Benchmarks

Datasets. We train and evaluate our method on the fol-
lowing datasets: 1) DAVIS 2017 [39, 42], a widely used
VOS dataset with three main sets: 1) a training set with 60
videos (4,219 frames, 138 objects), 2) a validation set with
30 videos (2,023 frames, 59 objects), and 3) a test set with
30 videos (2,037 frames, 89 objects). 2) YouTube-VOS
2019 [56], one of the largest VOS dataset, featuring a wide
range of challenging real-world scenarios. The dataset con-
sists of a training set with 3,471 videos (197,292 frames)
and a validation set with 507 videos (19,981 frames). There
are 65 seen object categories in the training set and 26 un-
seen categories only appear in the validation set, challeng-
ing a model’s generalization ability. 3) MOSE [18], a large-
scale video object segmentation (VOS) benchmark empha-

sizing multi-object scenarios in diverse environments. It
comprises 2,149 videos, divided into 1,507 training videos,
311 validation videos, and 331 testing videos. The dataset
includes 5,200 objects across 36 distinct categories. In this
work, we utilize the training set for model training and eval-
uate performance on the validation set. 4) LVOS [23], a
dataset designed specifically for video object segmentation
in long, continuous video sequences, focusing on more ex-
tended temporal challenges. It’s divided into three main
sets: 1) a training set with 120 videos, 2) a validation set
with 50 videos, and 3) a test set with 50 videos. There are
126,280 frames and 156,432 annotations in total. In this
work, we report evaluation results on the validation and test
sets without training our model on LVOS [23].

Evaluation Metrics. We report Region Jaccard J [39],
contour accuracy JF [19], and their average J &F to mea-
sure the segmentation quality. For YouTube-VOS, we addi-
tionally report G as the average of J&JF across both seen
and unseen classes. We also report frames per second (FPS)
and GPU memory consumption (i.e. maximum GPU mem-
ory allocated by PyTorch [37]) to measure speed and re-
source usage, respectively. Both metrics are recorded on
the same machine under similar conditions for all methods.

4.2. Baselines

We compare LiVOS with various types of approaches,
including state-of-the-art space-time memory (STM) net-
works, represented by Cutie [14] and methods without us-
ing STM, represented by RDE [29]. This section only in-
troduces several representative methods. A complete intro-
duction is included in the appendix.

RDE [29] introduces a recurrent dynamic embedding to
maintain a constant-size memory, with image and mask en-
coders based on ResNet-50. We use the version without
BL30K [11] pretraining as a baseline.

STCN [12] is a state-of-the-art memory network building
on STM [36], enhancing robustness and efficiency. We use
the model without BL30K [11] pretraining.

XMem [10] targets long-term videos with a compact long-
term memory, a fast-updating sensory memory, and an
STCN-based working memory. As with STCN, we use the
model without BL30K[ 1 1] pretraining.

Cutie [14] enhances XMem[10] with a top-down, object-
level memory reading mechanism for improved video seg-
mentation. We use its small and base models as baselines.
We also limit Cutie to using a single memory frame during
inference for fair comparison with non-STM methods.

4.3. Comparisons

We compare our method with baselines on three types of
video benchmarks: 1) short videos, 2) long-term videos,
and 3) high-resolution videos.
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. MOSE DAVIS-17 val DAVIS-17 test YouTubeVOS-2019 val

Method with

STM  J&F J F TJ&F J F TJ&F J F g Ts Fs Ju Fu
J STCN [12] Neurtps 21 v 52.5 48.5 56.6 85.4 82.2 88.6 76.1 727 79.6 827 81.1 854 782 859
J AOT [61] Neurips 21 v 58.4 543  62.6 84.9 823 875 79.6 759 833 853 839 888 799 885
4 XMem [10] eccv22 v 56.3 52.1 60.6 86.2 829 895 81.0 774 845 855 843 886 803 88.6
JDeAOT [59] Neurtps'22 v 59.0 546 634 85.2 822 882 80.7 769 845 856 842 892 802 888
JDEVA [13] 1ccvas v 60.0 558 643 86.8 83.6 90.0 82.3 78.7 859 855 850 894 797 88.0
J Cutie-small [14] cver2a v 62.2 582  66.2 87.2 84.3 90.1 84.1 80.5 87.6 862 853 89.6 809 89.0
dJ Cutie-small [14] cver2a v 67.4 63.1 71.7 86.5 83.5 89.5 83.8 80.2 87.5 863 852 89.7 81.1 89.2
J Cutie-base [14] cver2a v 64.0 60.0 679 88.8 854 923 84.2 80.6 877 86.1 855 90.0 80.6 83.3
dJ Cutie-base [14] cver2a v 68.3 642 723 88.8 85.6 919 85.3 814 893 86.5 854 90.0 81.3 893
J CFBI [60] Eccv20 X - - - 81.9 79.1 84.6 74.8 71.1 785 - - - - -
J CFBI+ [62] TPamI21 X - - - 82.9 80.1 85.7 75.6 71.6  79.6 - - - - -
J SwiftNet [53] cver21 X - - - 81.1 783 839 - - - 77.8 77.8 81.8 723 795
JRDE [29] cver22 X 46.8 424 513 84.2 80.8 875 77.4 73.6 812 819 81.1 855 762 8438
J MobileVOS [34] cver2s X - - - 83.7 80.2 87.1 - - - 823 81.6 86.0 763 852
J Cutie-small' [14] cver2e X 49.3 454 532 76.4 73.0 79.8 71.6 679 753 790 780 819 745 81.8
dJ Cutie-small ' [14] cver24 X 51.7 477 557 74.9 71.7 782 72.3 68.8 759 789 776 814 746 819
J Cutie-baset [14] cver2a X 50.6 46.6 54.6 79.3 75.8 827 73.5 70.0 77.0 80.1 79.1 833 752 827
d Cutie-base ' [14] cver2a X 52.6 48.6  56.6 71.5 74.1  80.8 73.2 694 769 795 784 824 751 824
JLiVOS X 59.2 556 62.8 84.4 81.2 87.6 78.2 748 81.7 799 826 868 71.7 784
JLiVOS* X 58.4 547  62.0 85.1 819 883 81.0 774 845 813 836 87.6 733 80.6
JLivos X 64.8 60.9 68.7 84.0 80.6 87.3 79.6 762 829 826 835 876 758 833

Table 1. Quantitative comparisons on short videos (480p). All methods are trained on 480p videos and use ResNet as the backbone:
Cutie-small uses ResNet-18, CFBI/CFBI+ use ResNet-101, and the rest use ResNet-50. J represents models trained on YouTube VOS and
DAVIS; d denotes additional training with MOSE; * denotes training with 30k additional iterations beyond the standard 125k; T indicates
downgraded Cutie models using only one memory frame during inference (more comparisons with the downgraded Cutie models are
shown in the appendix). LiVOS notably improves segmentation quality over non-STM approaches and matches STM-based methods.

Method with Key Value LVOS val LVOS test
STM  Encoder Encoder J&F J F Mem| FPStT J&F J F Mem]  FPStT
JDEVA [14] 1covas v RN-50 RN-18 58.3 52.8 63.8 1147M 483 54.0 49.0 59.0 1347M  46.6
JDEVA [14] 1cevas v RN-50 RN-18 559 51.1 60.7 1147M 48.3 56.5 522  60.8 1347M 46.6
J Cutie-small [14] cver2s v/ RN-18 RN-18 58.8 546 629 1013M 340 57.2 53.7  60.7 1094M 32.8
d Cutie-small [14] cver2e v/ RN-18 RN-18 60.7 55.6 658 1013M  34.0 56.9 53.5 60.2 1094M 328
J Cutie-base [14] cverzs v RN-50 RN-18 60.1 559 642 1092M  30.1 56.2 51.8  60.5 1175M  29.7
Cutie-base [14] cver24 v RN-50 RN-18 63.5 59.1 679 1092M  30.1 63.6 59.1 68.0 1175M  29.7
JRDE [29] cvrr22 X RN-50 RN-18 47.2 417 527  9.0G* 40.6 447 392 502 12.7GH 39.8
J Cutie-smallt [14] cver2s X RN-18 RN-18 48.2 439 525 585M 56.1 452 413 49.0 636M 55.2
d Cutie-smallf [14] cver2s X RN-18 RN-18 46.1 42.1  50.1 585M 56.1 44.0 40.1 48.0 636M 55.2
J Cutie-baset [14] cveroa X RN-50 RN-18 49.1 447 534 668M 45.5 48.7 446 527 748M 43.0
d Cutie-baset [14] cveras X RN-50 RN-18 46.8 43.1  50.6  668M 45.5 45.6 41.6  49.7 748M 43.0
JLivOs X RN-50 RN-18 50.6 46.5 547 503M 47.3 44.6 412 479 575M 45.2
JLivos* X RN-50 RN-18 51.2 46.8 55.6 503M 47.3 50.9 470 547 575M 45.2
JLivos X RN-50 RN-18 51.2 473 551 503M 473 47.0 440 50.0 575M 45.2

Table 2. Quantitative comparisons on long-term videos (480p). We present the same model variants and notations as in Tab. 1. We
additionally report FPS and the maximum GPU memory usage. Funexpectedly large GPU memory consumption for RDE, likely due to
implementation issues in its released code. LiVOS consistently achieves the best performance across non-STM methods on both LVOS

validation and test sets while using less GPU memory.

Short Videos. Tab. 1 shows results on standard VOS bench-
marks: MOSE [18], DAVIS [42], and YouTube VOS [56].
Our method achieves a score of 64.8 7 &F on MOSE [18],
trailing the state-of-the-art method Cutie [14] by just 3.5
J&F. Note that MOSE is very challenging because of
the complexity of multi-object interactions and dynamic

environments. By default, Cutie [14] uses five memory
frames. When limited to one memory frame, in a variant la-
beled Cutie!, its performance drops significantly, falling be-
low ours. Moreover, our method consistently outperforms
other non-STM methods, including MobileVOS [34] and
RDE [29], across most benchmarks.
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. 1024P 2048P 3072P 4096P
Method with
STM Mem| FPST J&F Mem| FPST J&F Mem] FPST J&F Mem| FPST J&F

J STCN [12] Neurps21 v 226G 3.7 83.1 00OM  N/A N/A 0O0OM  N/A N/A 00M N/A N/A
J AOT [61] Neurpsi v O0OM  N/A N/A O0OM  NA N/A 00M  NA N/A 00M N/A N/A
J XMem [10] sceva v 125G 713 86.8 O0OM  N/A N/A O0OM  N/A N/A ooM N/A N/A
J DeAOT [59] Neurtps'22 v 13.0G 45 86.9 00OM  N/A N/A 0O0OM  N/A N/A 0oM N/A N/A
JDEVA [13] 1covas v/ 157G 5.1 90.0 0O0OM  NA N/A 00M  N/A N/A 00M N/A N/A
J Cutie-small [14] cver2s v 9.7G 7.6 89.3 O0OM  N/A N/A O0OM  N/A N/A 00OM N/A N/A
J Cutie-base [14] cverzs v 9.9G 6.6 89.5  150GF  NA N/A 735Gt N/A N/A 2815GF  N/A N/A
JRDE [29] cver2 X 144G 106  76.3 O0OM  N/A N/A O0OM  N/A N/A ooM N/A N/A
J Cutie-smallf [14] cver2s X 2.3G 11.9 837 303G 2.1 79.8 O0OM  N/A N/A ooM N/A N/A
J Cutie-baset [14] cvere X 2.6G 10.2 86.0 31.1G 1.9 79.6 147G*  N/A N/A 563G* N/A N/A
JLiVOS X 206G 128 85.0 779G 3.5 80.0 17.2G 1.5 73.4 30.4G 0.8 61.5

Table 3. Quantitative comparisons on high-resolution videos (>1024p). These videos are upsampled from DAVIS 2017 validation set
(480p). All models were tested with an NVIDIA A6000 GPU. OOM indicates out-of-memory, exceeding the A6000’s 48G limit. ¥ denotes
estimated memory usage. Note that LiVOS utilizes no modules dedicated for high-res segmentation, leaving room for future improvements.

Long-term Videos. Tab. 2 shows results on the long video
benchmark LVOS [23]. Compared with the state-of-the-art
recurrent memory network RDE [29], our method is bet-
ter across all benchmarks. Compared with state-of-the-art
STM-based methods, our method delivers competitive per-
formance while being faster and more memory efficient.
Even with Cutie’s memory bank limited to one memory
frame, our method requires less memory while achieving
better segmentation quality. Note that memory networks
such as Cutie and DEVA employ a bounded memory bank
(by default, the number is five), so they have no memory is-
sues when video length increases. To highlight our memory
efficiency, we also compare our method with baselines on
high-resolution videos, introduced below.

High-resolution Videos. Tab. 3 shows the comparisons on
high-resolution videos upsampled from the DAVIS dataset.
All space-time memory networks encounter out-of-memory
issues at 2048p. For example, Cutie-base requires approxi-
mately 150GB of memory to run inference at 2048p, far ex-
ceeding the capabilities of consumer-grade GPUs. In con-
trast, our method requires only 7.7GB for 2048p inference
and is the only one capable of inference at 4096p. While
not specifically optimized for high-resolution videos, our
method sets the stage for developing foundation models
suited to high-resolution regimes. More comparisons with
downsampling baselines are shown in the appendix.

4.4. Ablations

Tab. 4 shows the results of an ablation study to validate our
design choices. The models are trained on YouTube-VOS
and DAVIS and evaluated on the DAVIS validation set. No
gate is a model variant that disables the gate mechanism in
linear matching. No sensory memory is a model variant that
disables the sensory memory. No object memory is a model
variant that disables the object memory. The gate mecha-
nism in linear matching improves 1.4% J&JF, with only

Method J&F T F FPST Mem]|
No gate 83.0 800 86.0 408 573M
No object memory 804 774 834 705 565M
No sensory memory  79.1 763 819 52,6 538M
Full 844 812 876 403 574M

Table 4. Ablation study for LiVOS on DAVIS 2017 val [39].

a minor trade-off in speed and memory usage. The inte-
gration of sensory and object memories substantially boost
performance, though it comes at the cost of reduced speed
and higher memory consumption. In this ablation, we retain
linear matching instead of swapping it with softmax match-
ing, as that would make our method similar to Cutie [14].

5. Limitations

Our method uses a single recurrent state for the challeng-
ing VOS task, which works well for short, low-resolution
videos but may lead to suboptimal results on longer, high-
resolution ones. We believe a more advanced state [21],
as well as multi-scale linear attention [8], could improve
performance in these cases. We leave these extensions for
future work.

6. Conclusion

We proposed the first light memory network that employs
gated linear matching, instead of softmax matching, for
memory efficient video object segmentation. Our method
reformulates the memory matching process into a recurrent
framework where the large, quadratic attention matrix is re-
duced to a small, constant-size recurrent state. Our eval-
uation results on long and high-resolution videos demon-
strated the effectiveness and efficiency of our method, open-
ing the door for high-resolution video foundation models.
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