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Abstract. We present XMem, a video object segmentation architecture for long videos with unified feature memory stores inspired by the
Atkinson-Shiffrin memory model. Prior work on video object segmentation typically only uses one type of feature memory. For videos longer
than a minute, a single feature memory model tightly links memory
consumption and accuracy. In contrast, following the Atkinson-Shiffrin
model, we develop an architecture that incorporates multiple independent yet deeply-connected feature memory stores: a rapidly updated sensory memory, a high-resolution working memory, and a compact thus
sustained long-term memory. Crucially, we develop a memory potentiation algorithm that routinely consolidates actively used working memory
elements into the long-term memory, which avoids memory explosion and
minimizes performance decay for long-term prediction. Combined with a
new memory reading mechanism, XMem greatly exceeds state-of-the-art
performance on long-video datasets while being on par with state-of-theart methods (that do not work on long videos) on short-video datasets.1

1

Introduction

Video object segmentation (VOS) highlights specified target objects in a given
video. Here, we focus on the semi-supervised setting where a first-frame annotation is provided by the user, and the method segments objects in all other frames
as accurately as possible while preferably running in real-time, online, and while
having a small memory footprint even when processing long videos.
As information has to be propagated from the given annotation to other
video frames, most VOS methods employ a feature memory to store relevant
deep-net representations of an object. Online learning methods [3,49,42] use the
weights of a network as their feature memory. This requires training at test-time,
which slows down prediction. Recurrent methods propagate information often
from the most recent frames, either via a mask [39] or via a hidden representation [20,47]. These methods are prone to drifting and struggle with occlusions.
1

Code is available at hkchengrex.github.io/XMem
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Fig. 1. Do state-of-the-art VOS algorithms scale well? Left: Memory scaling with
respect to short-term segmentation quality. Right: Segmentation quality scaling from
standard short videos (y-axis) to long videos (x-axis) – the dashed line indicates a
1:1 performance ratio. Error bars show standard deviations in memory sampling if
applicable. See Section 4.1 for details.

Recent state-of-the-art VOS methods use attention [36,18,54,9,60] to link representations of past frames stored in the feature memory with features extracted
from the newly observed query frame which needs to be segmented. Despite the
high performance of these methods, they require a large amount of GPU memory
to store past frame representations. In practice, they usually struggle to handle
videos longer than a minute on consumer-grade hardware.
Methods that are specifically designed for VOS in long videos exist [29,27].
However, they often sacrifice segmentation quality. Specifically, these methods
reduce the size of the representation during feature memory insertion by merging
new features with those already stored in the feature memory. As high-resolution
features are compressed right away, they produce less accurate segmentations.
Figure 1 shows the relation between GPU memory consumption and segmentation quality in short/long video datasets (details are given in Section 4.1).
We think this undesirable connection of performance and GPU memory consumption is a direct consequence of using a single feature memory type. To address this limitation we propose a unified memory architecture, dubbed XMem.
Inspired by the Atkinson–Shiffrin memory model [1] which hypothesizes that
the human memory consists of three components, XMem maintains three independent yet deeply-connected feature memory stores: a rapidly updated sensory memory, a high-resolution working memory, and a compact thus sustained
long-term memory. In XMem, the sensory memory corresponds to the hidden
representation of a GRU [11] which is updated every frame. It provides temporal
smoothness but fails for long-term prediction due to representation drift. To complement, the working memory is agglomerated from a subset of historical frames
and considers them equally [36,9] without drifting over time. To control the size
of the working memory, XMem routinely consolidates its representations into the
long-term memory, inspired by the consolidation mechanism in the human memory [46]. XMem stores long-term memory as a set of highly compact prototypes.
For this, we develop a memory potentiation algorithm that aggregates richer
information into these prototypes to prevent aliasing due to sub-sampling. To
read from the working and long-term memory, we devise a space-time memory
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reading operation. The three feature memory stores combined permit handling
long videos with high accuracy while keeping GPU memory usage low.
We find XMem to greatly exceed prior state-of-the-art results on the Longtime Video dataset [29]. Importantly, XMem is also on par with current stateof-the-art (that cannot handle long videos) on short-video datasets [41,57]. In
summary:
– We devise XMem. Inspired by the Atkinson–Shiffrin memory model [1], we
introduce memory stores with different temporal scales and equip them with
a memory reading operation for high-quality video object segmentation on
both long and short videos.
– We develop a memory consolidation algorithm that selects representative
prototypes from the working memory, and a memory potentiation algorithm
that enriches these prototypes into a compact yet powerful representation
for long-term memory storage.

2

Related Works

General VOS Methods. Most VOS methods employ a feature memory to
store information given in the first frame and to segment any new frames. Online learning approaches either train or fine-tune their networks at test-time and
are therefore typically slow in inference [3,49,32]. Recent improvements are more
efficient [34,42,37,2], but they still require online adaptation which is sensitive
to the input and has diminishing gains when more training data is available.
In contrast, tracking-based approaches [39,52,10,22,5,35,63,19,47,20,56] perform
frame-to-frame propagation and are thus efficient at test-time. They however lack
long-term context and often lose track after object occlusions. While some methods [48,59,53,23,26,6] also include the first reference frame for global matching,
the context is still limited and it becomes harder to match as the video progresses. To address the context limitation, recent state-of-the-art methods use
more past frames as feature memory [36,13,64,21,28,58,16]. Particularly, SpaceTime Memory (STM) [36] is popular and has been extended by many follow-up
works [43,8,18,54,50,31,9,44,33]. Among these extensions, we use STCN [9] as
our working memory backbone as it is simple and effective. However, most variants cannot handle long videos due to the ever-expanding feature memory bank
of STM. AOT [60] is a recent work that extends the attention mechanism to
transformers but does not solve the GPU memory explosion problem. Some
methods [33,14] employ a local feature memory window that fails to consider
long-term context outside of this window. In contrast, XMem uses multiple memory stores to capture different temporal contexts while keeping the GPU memory
usage strictly bounded due to our long-term memory and consolidation.
Methods that Specialize in Handling Long Videos. Liang et al. [29] propose AFB-URR which selectively uses exponential moving averages to merge a
given memory element with existing ones if they are close, or to add it as a
new element otherwise. A least-frequently-used-based mechanism is employed
to remove unused features when the feature memory reaches a predefined limit.
Li et al. [27] propose the global context module. It averages all past memory
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Fig. 2. Overview of XMem. The memory reading operation extracts relevant features
from all three memory stores and uses those features to produce a mask. To incorporate
new memory, the sensory memory is updated every frame while the working memory
is only updated every r-th frame. The working memory is consolidated into the longterm memory in a compact form when it is full, and the long-term memory will forget
obsolete features over time.

into a single representation, thus having zero GPU memory increase over time.
However, both of these methods eagerly compress new high-resolution feature
memory into a compact representation, thus sacrificing segmentation accuracy.
Our multi-store feature memory avoids eager compression and achieves much
higher accuracy in both short-term and long-term predictions.

3
3.1

XMem
Overview

Figure 2 provides an overview of XMem. For readability, we consider a single
target object. However, note that XMem is implemented to deal with multiple
objects, which is straightforward. Given the image and target object mask at
the first frame (top-left of Figure 2), XMem tracks the object and generates
corresponding masks for subsequent query frames. For this, we first initialize
the different feature memory stores using the inputs. For each subsequent query
frame, we perform memory reading (Section 3.2) from long-term memory (Section 3.3), working memory (Section 3.4), and sensory memory (Section 3.5)
respectively. The readout features are used to generate a segmentation mask.
Then, we update each of the feature memory stores at different frequencies. We
update the sensory memory every frame and insert features into the working
memory at every r-th frame. When the working memory reaches a pre-defined
maximum of Tmax frames, we consolidate features from the working memory into
the long-term memory in a highly compact form. When the long-term memory is
also full (which only happens after processing thousands of frames), we discard
obsolete features to bound the maximum GPU memory usage. These feature
memory stores work in conjunction to provide high-quality features with low
GPU memory usage even for very long videos.

XMem: Long-Term Video Object Segmentation

5

𝐶h × 𝐻 × 𝑊

Sensory memory
𝐡𝑡−1

Skip connections
3 × 𝐻0 × 𝑊0

𝑁 × 𝐻𝑊

𝐶v × 𝐻 × 𝑊

Query
𝐪

Affinity
𝐖

Readout
features 𝐅

𝐻0 × 𝑊0

Decoder

Query
encoder

𝐶k × 𝐻 × 𝑊

Every 𝑟-th frame

𝐶k × 𝑁

Working
memory key

Long-term
memory key

Working
Long-term
memory value memory value

⊕
⊕

Memory key
𝐤

⊕ Concatenation

Deep update

New memory
key

Copy

Memory value
𝐯
𝐶v × 𝑁

𝐡𝑡

Value
encoder
New memory
value

Add to working memory

Fig. 3. Process of memory reading and mask decoding of a single query frame. We
extract query q from the image and perform attention-based memory reading from the
working/long-term memory to obtain features F . Together with the sensory memory, it
is fed into the decoder to generate a mask. For every r-th frame, we store new features
into the working memory and perform a deep update to the sensory memory.

XMem consists of three end-to-end trainable convolutional networks as shown
in Figure 3: a query encoder that extracts query-specific image features, a decoder
that takes the output of the memory reading step to generate an object mask,
and a value encoder that combines the image with the object mask to extract new
memory features. See Section 3.6 for details of these networks. In the following,
we will first describe the memory reading operation before discussing each feature
memory store in detail.
3.2

Memory Reading

Figure 3 illustrates the process of memory reading and mask generation for a
single frame. The mask is computed via the decoder which uses as input the
h
v
short-term sensory memory ht−1 ∈ RC ×H×W and a feature F ∈ RC ×H×W
representing information stored in both the long-term and the working memory.
The feature F representing information stored in both the long-term and the
working memory is computed via the readout operation
F = vW(k, q).
k

v

(1)

Here, k ∈ RC ×N and v ∈ RC ×N are C k - and C v -dimensional keys and values
for a total of N memory elements which are stored in both the long-term and
working memory. Moreover, W(k, q) is an affinity matrix of size N × HW ,
representing a readout operation that is controlled by the key k and a query
k
q ∈ RC ×HW obtained from the query frame through the query encoder. The
readout operation maps every query element to a distribution over all N memory
elements and correspondingly aggregates their values v.
The affinity matrix W(k, q) is obtained by applying a softmax on the memory dimension (rows) of a similarity matrix S(k, q) which contains the pairwise
similarity between every key element and every query element. For computing
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Fig. 4. Visualization of similarity functions in 2D with the background color showing
the influence of each memory element (RGB). L2 similarity (a) [9] considers all memory
elements uniformly. The shrinkage term (b) allows encoding element-level confidence
(visualized by the size of dots) that accounts for the area of influence and sharpness
of the mixing weights. The selection term allows query-specific interpretation of the
memory – (c) and (d) show its effect with two different queries that focus on the vertical
and horizontal dimension respectively. (b) can be seen as a case where the selection
term is isotropic. When combined, we can model more complex similarity relations.

the similarity matrix we note that the L2 similarity proposed in STCN [9] is
more stable than the dot product [36], but it is less expressive, e.g., it cannot
encode the confidence level of a memory element. To overcome this, we propose
a new similarity function (anisotropic L2 ) by introducing two new scaling terms
that break the symmetry between key and query. Figure 4 visualizes their effects.
Concretely, the key is associated with a shrinkage term s ∈ [1, ∞)N and the
k
query is associated with a selection term e ∈ [0, 1]C ×HW . Then, the similarity
between the i-th key element and the j-th query element is computed via
k

S(k, q)ij = −si

C
X

2

ecj (kci − qcj ) ,

(2)

c

which equates to the original L2 similarity [9] if si = ecj = 1 for all i, j, and
c. The shrinkage term s directly scales the similarity and explicitly encodes
confidence – a high shrinkage represents low confidence and leads to a more
local influence. Note that even low-confidence keys can have a high contribution
if the query happens to coincide with it – thus avoiding the memory domination
problem of the dot product, as discussed in [9]. Differently, the selection term
e controls the relative importance of each channel in the key space such that
attention is given to the more discriminative channels.
The selection term e is generated together with the query q by the query
encoder. The shrinkage term s is collected together with the key k and the
value v from the working and the long-term memory.2 The collection is simply
implemented as a concatenation in the last dimension: k = kw ⊕ klt and v =
vw ⊕ vlt , where superscripts ‘w’ and ‘lt’ denote working and long-term memory
k
respectively. The working memory consists of key kw ∈ RC ×T HW and value
v
vw ∈ RC ×T HW , where T is the number of working memory frames. The longk
v
term memory similarly consists of keys klt ∈ RC ×L and values vlt ∈ RC ×L ,
2

For brevity, we omit the handling of these two scaling terms in memory updates for
the rest of the paper. They are updated in the same way as the value.
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Fig. 5. Memory consolidation procedure. Given an image, we extract features as memory keys (image stride exaggerated). We visualize these features with colors. For memory consolidation, we first select prototype keys (stars) from the candidates (all grids).
Then, we invoke potentiation which non-locally aggregates values from all the candidates to generate more representative prototype values (golden outline). The resultant
prototype keys and values are added to the long-term memory. Only one frame is shown
here – in practice multiple frames are used in a single consolidation.

where L is the number of long-term memory prototypes. Thus, the total number
of elements in the working/long-term memory is N = T HW + L.
Next, we discuss the feature memory stores in detail.
3.3

Long-Term Memory

Motivation. A long-term memory is crucial for handling long videos. With the
goal of storing a set of compact (consume little GPU memory) yet representative (lead to high segmentation quality) memory features, we design a memory
consolidation procedure that selects prototypes from the working memory and
enriches them with a memory potentiation algorithm, as illustrated in Figure 5.
We perform memory consolidation when the working memory reaches a predefined size Tmax . The first frame (with user-provided ground-truth) and the
most recent Tmin − 1 memory frames will be kept in the working memory as a
high-resolution buffer while the remainder (Tmax − Tmin frames) are candidates
for being converted into long-term memory representations. We refer to the keys
and values of these candidates as kc ⊂ kw and vc ⊂ vw respectively. In the
following, we describe the prototype selection process that picks a compact set of
prototype keys kp ⊂ kc , and the memory potentiation algorithm that generates
enriched prototype values vp associated with these prototype keys. Finally, these
prototype keys and values are appended to the long-term memory klt and vlt .
Prototype Selection. In this step, we sample a small representative subset
kp ⊂ kc from the candidates as prototypes. It is essential to pick only a small
number of prototypes, as their amount is directly proportional to the size of the
resultant long-term memory. Inspired by human memory which moves frequently
accessed or studied patterns to a long-term store, we pick candidates with high
usage. Concretely, we pick the top-P frequently used candidates as prototypes.
“Usage” of a memory element is defined by its cumulative total affinity (probability mass) in the affinity matrix W (Eq. (1)), and normalized by the duration
that each candidate is in the working memory. Note that the duration for each
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candidate is at least r · (Tmin − 1), leading to stable usage statistics. We obtain
k
the keys of these prototypes as kp ∈ RC ×P .
Memory Potentiation. Note that, so far, our sampling of prototype keys kp
from the candidate keys kc is both sparse and discrete. If we were to sample
the prototypes values vp in the same manner, the resultant prototypes would
inevitably under-represent other candidates and would be prone to aliasing.
The common technique to prevent aliasing is to apply an anti-aliasing (e.g.,
Gaussian) filter [15]. Similarly motivated, we perform filtering and aggregate
more information into every sampled prototype. While standard filtering can be
easily performed on the image plane (2D) or the spatial-temporal volume (3D),
it leads to blurry features – especially near object boundaries. To alleviate, we
instead construct the neighbourhood for the filtering in the high dimensional
(C k ) key space, such that the highly expressive adjacency information given by
the keys kp and kc is utilized. As these keys have to be computed and stored for
memory reading anyway, it is also economical in terms of run-time and memory
consumption.
Concretely, for each prototype, we aggregate values from all the value candidates vc via a weighted average. The weights are computed using a softmax over
the key-similarity. For this, we conveniently re-use Eq. (2). By substituting the
memory key k with the candidate key kc , and the query q with the prototype
keys kp , we obtain the similarity matrix S(kc , kp ). As before, we use a softmax
to obtain the affinity matrix W(kc , kp ) (where every prototype corresponds to
a distribution over candidates). Then, we compute the prototype values vp via
vp = vc W(kc , kp ).

(3)

Finally, kp and vp are appended to the long-term memory klt and vlt respectively – concluding the memory consolidation process. Note, similar prototypical
approximations have been used in transformers [55,38]. Differently, our approach
uses a novel prototype selection scheme suitable for video object segmentation.
Removing Obsolete Features. Although the long-term memory is extremely
compact with a high (> 6000%) compression ratio, memory can still overflow
since we are continuously appending new features. Empirically, with a 6GB memory budget (e.g., a consumer-grade mid-end GPU), we can process up to 34,000
frames before running into any memory issues. To handle even longer videos,
we introduce a least-frequently-used (LFU) eviction algorithm similar to [29].
Unlike [29], our “usage” (as defined in Section 3.3, Prototype Selection) is defined by the cumulative affinity after top-k filtering [8] which circumvents the
introduction of an extra threshold hyperparameter. Long-term memory elements
with the least usage will be evicted when a pre-defined memory limit is reached.
The long-term memory is key to enabling efficient and accurate segmentation
of long videos. Next, we discuss the working memory, which is crucial for accurate
short-term prediction. It acts as the basis for the long-term memory.
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Working Memory

The working memory stores high-resolution features in a temporary buffer. It
facilitates accurate matching in the temporal context of a few seconds. It also
acts as a gateway into the long-term memory, as the importance of each memory
element is estimated by their usage frequency in the working memory.
In our multi-store feature memory design, we find that a classical instantiation of the working memory is sufficient for good results. We largely employ a
baseline STCN-style [9] feature memory bank as our working memory, which we
will briefly describe for completeness. We refer readers to [9] for details. However, note that our memory reading step (Section 3.2) differs significantly. The
k
v
working memory consists of keys kw ∈ RC ×T HW and values vw ∈ RC ×T HW ,
where T is the number of working memory frames. The key is encoded from the
image and resides in the same embedding space as the query q while the value is
encoded from both the image and the mask. Bottom-right of Figure 3 illustrates
the working memory update process. At every r-th frame, we 1) copy the query
as a new key; and 2) generate a new value by feeding the image and the predicted
mask into the value encoder. The new key and value are appended to the working memory and are later used in memory reading for subsequent frames. To
avoid memory explosion, we limit the number of frames in the working memory
T : Tmin ≤ T < Tmax by consolidating extra frames into the long-term memory
store as discussed in Section 3.3.
3.5

Sensory Memory

The sensory memory focuses on the short-term and retains low-level information
such as object location which nicely complements the lack of temporal locality
in the working/long-term memory. Similar to the working memory, we find a
classical baseline to work well.
Concretely, the sensory memory stores
Deep update
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h
New memory
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Implementation Details

Here, we describe some key implementation details. To fully reproduce both
training and inference, please see our open-source implementation (footnote 1).
Networks. Following common practice [36,43,29,9], we adopt ResNets [17] as
the feature extractor, removing the classification head and the last convolutional
stage. This results in features with stride 16. The query encoder is based on a
ResNet-50 and the value encoder is based on a ResNet-18, following [9]. To
generate the query q, the shrinkage term s, and the selection term e, we apply
separate 3 × 3 convolutional projections to the query encoder feature output.
Note that both the query and the shrinkage term are used for the current query
frame, while the selection term is copied to the memory (along the copy path in
Figure 3) for later use if and only if we are inserting new working memory. We
set C k = 64, C v = 512 following [9], and C h = 64. To control the range of the
shrinkage factor to be in [1, ∞), we apply (·)2 + 1, and to control the range of
the selection factor to be in [0, 1], we apply a sigmoid.
The decoder concatenates hidden representation ht−1 and readout feature
F. It then iteratively upsamples by 2× at a time until stride 4 while fusing
skip-connections from the query encoder at every level, following STM [36]. The
stride 4 feature map is projected to a single channel logit via a 3 × 3 convolution,
and is bilinearly upsampled to the input resolution. In the multi-object scenario,
we use soft-aggregation [36] to fuse the final logits from different objects. Note
that the bulk of the computation (i.e., query encoder, affinity W) can be shared
between different objects as they are only conditioned on the image [9].
Training. Following [36,43,29,9], we first pretrain our network on synthetic sequences of length three generated by deforming static images. We adopt the
open-source implementation of STCN [9] without modification, which trains
on [45,51,25,62,7]. Next, we perform the main training on YouTubeVOS [57]
and DAVIS [41] with curriculum sampling [36]. We note that the default sequence length of three is insufficient to train the sensory memory as it would
be heavily dependent on the initial state. Thus, we instead sample sequences of
length eight. To reduce training time and for regularization, a maximum of three
(instead of all) past frames are randomly selected to be the working memory for
any query in training time. The entire training process takes around 35 hours
on two RTX A6000 GPUs. Deep updates are performed with a probability of
0.2, which is 1/r as we use r = 5 by default following [9]. Optionally, we also
pretrain on BL30K [8,12,4] which gives a further boost in accuracy. We label
any method that uses BL30K with an asterisk (∗ ).
We use bootstrapped cross entropy loss and dice loss with equal weighting
following [60]. For optimization, we use AdamW [24,30] with a learning rate of
1e-5 and a weight decay of 0.05, for 150K iterations with batch size 16 in static
image pretraining, and for 110K iterations with batch size 8 in main training.
We drop the learning rate by a factor of 10 after the first 80K iterations. For a
fair comparison, we also retrain the STCN [9] baseline with the above setting.
There is no significant difference in performance for STCN (see appendix).
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Experiments

Unless otherwise specified, we use Tmin = 5, Tmax = 10, and P = 128, resulting in
a compression ratio of 6328% from working memory to long-term memory. We set
the maximum number of long-term memory elements to be 10,000 which means
XMem never consumes more than 1.4GB of GPU memory, possibly enabling
applications even on mobile devices. We use top-k filtering [8] with k = 30.
480p videos are used by default. To evaluate we use standard metrics (higher
is better) [40]: Jaccard index J , contour accuracy F, and their average J &F.
For YouTubeVOS [57], J and F are computed for “seen” and “unseen” classes
separately, denoted by subscripts S and U respectively. G is averaged J &F for
both seen and unseen classes. For AOT [60], we compare with their R50 variant
which has the same ResNet backbone as ours.
4.1

Long-Time Video Dataset

To evaluate long-term performance, we test models on the Long-time Video
dataset [29] which contains three videos with more than 7,000 frames in total.
We also synthetically extend it to even longer variants by playing the video back
and forth. n× denotes a variant that has n times the number of frames. For
comparison, we select state-of-the-art methods with available implementation
as we need to re-run their models. Most SOTA methods cannot handle long
videos natively. We first measure their GPU memory increase per frame by
averaging the memory consumption difference between the 100-th and 200-th
frame in 480p.3 Figure 1 (left) shows our findings, assuming 24FPS. For methods
with prohibitive memory usage on long videos, we limit their feature memory
insertion frequency accordingly, using 50 memory frames in STM as a baseline
following [29]. Our method uses less memory than this baseline. We note that
a low memory insertion frequency leads to high variances in performance, thus
we run these experiments with 5 evenly-spaced offsets to the memory insertion
routine and show “mean ± standard deviation” if applicable. In this dataset, we
use r = 10. We do not find BL30K [8] pretraining to help here.
Table 1 tabulates the quantitative results, and Figure 1 (right) plots the
short-term performance against the long-term performance. Methods that use a
temporally local feature window (CFBI(+) [59,61], JOINT [33]) have a constant
memory cost but fail when they lose track of the context. Methods with a fastgrowing memory bank (e.g., STM [36], AOT [60], STCN [9]) are forced to use
a low feature memory insertion frequency and do not scale well to long videos.
Figure 7 shows the scaling behavior of STCN vs. XMem in more detail.
AFB-URR [29] is designed to handle long videos and scales well with no
degradation – but due to eager feature compression it has relatively low performance in the short term compared to other methods. In contrast, XMem not
only holds up well in scaling to longer videos but also performs well in the shortterm as shown in the next section. We provide qualitative comparisons in the
appendix.
3

We make sure to exclude any caching or input buffering overhead.
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Table 1. Quantitative comparisons on the Long-time Video dataset [29].
Long-time Video (1×)
J &F

Method

CFBI+ [61]
50.9
RMNet [54]
59.8 ±3.9
JOINT [33]
67.1 ±3.5
CFBI [59]
53.5
HMMN [44]
81.5 ±1.8
STM [36]
80.6 ±1.3
MiVOS∗ [8]
81.1 ±3.2
AOT [60]
84.3 ±0.7
AFB-URR [29] 83.7
STCN [9]
87.3 ±0.7
XMem (Ours) 89.8±0.2

Long-time Video (3×)

∆1×→3×

J

F

J &F

J

F

J &F

47.9
59.7 ±8.3
64.5 ±4.2
50.9
79.9 ±1.2
79.9 ±0.9
80.2 ±2.0
83.2 ±3.2
82.9
85.4 ±1.1
88.0±0.2

53.8
60.0 ±7.5
69.6 ±3.9
56.1
83.0 ±1.5
81.3 ±1.0
82.0 ±3.1
85.4 ±3.3
84.5
89.2 ±1.1
91.6±0.2

55.3
57.0 ±1.6
57.7 ±0.2
58.9
73.4 ±3.3
75.3 ±13.0
78.5 ±4.5
81.2 ±2.5
83.8
84.6 ±1.9
90.0±0.4

54.0
56.6 ±1.5
55.7 ±0.3
57.7
72.6 ±3.1
74.3 ±13.0
78.0 ±3.7
79.6 ±3.0
82.9
83.3 ±1.7
88.2±0.3

56.5
57.3 ±1.8
59.7 ±0.2
60.1
74.3 ±3.5
76.3 ±13.1
79.0 ±5.4
82.8 ±2.1
84.6
85.9 ±2.2
91.8±0.4

4.4
-2.8
-9.4
5.4
-8.1
-5.3
-2.6
-3.1
0.1
-2.7
0.2

4.2 Short Video Datasets
Table 2 and Table 3 tabulate our result on YouTubeVOS [57] 2018 validation,
DAVIS [40] 2016/2017 validation, and DAVIS 2017 [41] test-dev. Results on
YouTubeVOS [57] 2019 validation can be found in the appendix. The test set
for YouTubeVOS is closed at the time of writing. We use r = 5 for these datasets.
Following standard practice [36,59,9], we report single/multi-object FPS on
DAVIS 2016/2017 validation. We additionally report FPS on YouTubeVOS 2018
validation which has longer videos on average. We measure FPS on a V100 GPU.
For a fair comparison, we re-time prior works that report FPS on a slower GPU if
possible and label this with a †. We note that some methods (not ours) are faster
on a 2080Ti than on a V100. In these cases, we always give competing methods
the benefit. Our speed-up solely comes from the use of long-term memory – a
compact feature memory representation is faster to read from.
Table 2. Quantitative comparisons on three commonly used short-term datasets. ∗ denotes BL30K [8] pretraining. Bold and underline denote the best and the second-best respectively in each column. † denotes FPS re-timed on our hardware. On YouTubeVOS,
we re-run AOT with all input frames (improving its performance) for a fair comparison.
YT-VOS 2018 val [57]
Method
STM [36]
AFB-URR [29]
CFBI [59]
RMNet [54]
HMMN [44]
MiVOS∗ [8]
STCN [9]
JOINT [33]
STCN∗ [9]
AOT [60]
XMem (Ours)
XMem∗ (Ours)

DAVIS 2017 val [41]

DAVIS 2016 val [40]

G

Js

Fs

Ju

Fu

FPS

J &F

J

F

FPS

J &F

J

F

FPS

79.4
79.6
81.4
81.5
82.6
82.6
83.0
83.1
84.3
85.5
85.7
86.1

79.7
78.8
81.1
82.1
82.1
81.1
81.9
81.5
83.2
84.5
84.6
85.1

84.2
83.1
85.8
85.7
87.0
85.6
86.5
85.9
87.9
89.5
89.3
89.8

72.8
74.1
75.3
75.7
76.8
77.7
77.9
78.7
79.0
79.6
80.2
80.3

80.9
82.6
83.4
82.4
84.6
86.2
85.7
86.5
87.3
88.2
88.7
89.2

3.4
13.2†
13.2†
6.4
22.6
22.6

81.8
76.9
81.9
83.5
84.7
84.5
85.4
83.5
85.3
84.9
86.2
87.7

79.2
74.4
79.1
81.0
81.9
81.7
82.2
80.8
82.0
82.3
82.9
84.0

84.3
79.3
84.6
86.0
87.5
87.4
88.6
86.2
88.6
87.5
89.5
91.4

11.1†
6.8†
5.9
4.4†
9.3†
11.2
20.2†
6.8†
20.2†
18.0
22.6
22.6

89.3
89.4
88.8
90.8
91.0
91.6
91.7
91.1
91.5
92.0

88.7
88.3
88.9
89.6
89.6
90.8
90.4
90.1
90.4
90.7

89.9
90.5
88.7
92.0
92.4
92.5
93.0
92.1
92.7
93.2

14.0†
6.2
11.9
13.0†
16.9
26.9†
26.9†
18.0
29.6
29.6
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Table 3. Results on
DAVIS 2017 test-dev.
‡: uses 600p videos.

95
90

J &F

13

85

DAVIS 2017 td

80
75

XMem (Ours)
STCN

70

5

10

15
20
25
Number of frames (K)

30

35

Method

J &F

J

F

STM‡ [36]
RMNet [54]
STCN [9]
CFBI+‡ [61]
HMMN [44]
MiVOS∗ [8]
AOT [60]
STCN∗ [9]
XMem (Ours)
XMem∗ (Ours)
XMem∗ ‡ (Ours)

72.2
75.0
76.1
78.0
78.6
78.6
79.6
79.9
81.0
81.2
82.5

69.3
71.9
73.1
74.4
74.7
74.9
75.9
76.3
77.4
77.6
79.1

75.2
78.1
80.0
81.6
82.5
82.2
83.3
83.5
84.5
84.7
85.8

Fig. 7. Least-square fits of performance over video
length for XMem and STCN [9] on variants of the
Long-time Video dataset [29] from 1× to 10×. In
longer videos, STCN decays due to missing context
while ours stabilizes as we gain sufficient context.
Table 4. Ablation on our memory stores. StanTable 5. Ablation on the two
dard deviations for L1× are omitted.
scaling terms in memory reading.
Setting

Y18 D17 L1× FPSD17 FPSY18

Setting

Y18

D17

All
No
No
No

85.7
84.4
72.7
85.9

With
With
With
With

85.7
85.1
84.8
85.0

86.2
85.6
84.8
85.1

4.3

memory stores
sensory memory
working memory
long-term memory

86.2
85.1
77.6
86.3

89.8
87.9
38.7
n/a

22.6
23.1
31.8
17.6

22.6
23.1
28.1
10.0

both terms
shrinkage s only
selection e only
neither

Ablations

We perform ablation studies on validation sets of YouTubeVOS 2018 [57] (Y18 ),
DAVIS 2017 [41] (D17 ), and Long-time Video (n×) [29] (Ln× ). We report the
most representative metric (G for YouTubeVOS, J &F for DAVIS/Long-time
Video). FPS is measured on DAVIS 2017 validation unless otherwise specified.
We highlight our final configuration with cyan .
Memory Stores. Table 4 tabulates the performance of XMem without any one
of the memory stores. If the working memory is removed, long-term memory
cannot function and it becomes “sensory memory only” with a constant memory
cost. If the long-term memory is removed, all the memory frames are stored in
the working memory. Although it has a slightly better performance due to its
higher resolution feature, it cannot handle long videos and is slower.
Memory Reading. Table 5 shows the importance of the two scaling terms in
the anisotropic L2 similarity. Interestingly, the selection term e alone does not
help. We hypothesize that the selection term allows attention on a different subset of memory elements for every query, thus increasing the relative importance
of each memory element. The shrinkage term s allows element-level modulation
of confidence, thus avoiding too much emphasis on less confident elements. There
is a synergy between the two terms, and our final model benefits from both.
Long-term Memory Strategies. Table 6 compares different prototype selection strategies and shows the importance of potentiation. We run all algorithms
5 times with evenly-spaced memory insertion offsets and show standard deviations. We choose the usage-based selection scheme with P = 128 for a balance
between performance and memory compression. Table 7 compares additional
strategies used by prior works, employed on our model. Eager compression is inspired by AFB-URR [29]. We set Tmin = 1 and Tmax = 2. Note, since we cannot
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Table 6. Comparisons between different Table 7. Comparisons between different
memory consolidation methods.
strategies for handling long videos.
Compress Setting
ratio
Consolidation
Random
P = 64 89.5 ±0.8 12625% Eager compression
K-means centroid P = 64 89.5 ±0.5 12625% Sparse insertion
Usage-based
P = 64 89.6 ±0.4 12625% Local window

Setting

L3×

Random
P = 128 89.7 ±0.7
K-means centroid P = 128 82.4 ±10.3
Usage-based
P = 128 90.0 ±0.4

6328%
6328%
6328%

Random
P = 256 89.8 ±0.7
K-means centroid P = 256 74.5 ±17.0
Usage-based
P = 256 90.1 ±0.4

3164%
3164%
3164%

No potentiation
With potentiation

87.9 ±0.2
90.0 ±0.4

L1×

L3×

∆1×→3×

89.8 ±0.2
87.8 ±0.3
89.8 ±0.4
86.2 ±1.5

90.0 ±0.4
87.3 ±1.3
87.3 ±1.0
85.5 ±0.9

0.2
-0.5
-2.5
-0.7

Table 8. Ablation on the deep update frequency of sensory memory.
Setting

Y18

D17 FPS

Every r-th frame 85.7 86.2 22.6
Every single frame 85.5 86.1 18.5
No deep update
85.3 85.4 22.6

compute usage statistics in this setting, we use random prototype selection with
the same compression ratio. Sparse insertion follows our treatment to methods
with a growing memory bank [36,9]. We set the maximum number of memory
frames to be 50 following [29]. Local window follows [59,14,33], where we simply
discard the oldest memory frame when the memory bank reaches its capacity.
We always keep the first reference frame and set the memory bank capacity to
be 50. Our memory consolidation algorithm is the most effective among these.
Deep Update. Table 8 shows different configurations of the deep update. Employing deep update every r-th frame results in a performance boost, with no
noticeable speed drop (recall that we have to use the value encoder every rth frame for our working memory anyway). However, using deep updates more
often requires extra invocations of the value encoder and leads to a slowdown.
Pretraining. There are prior works that do not use static image pretraining [61,2,14,33]. We provide our results without pretraining in the appendix.
4.4

Limitations

Our method sometimes fails when the target object moves too quickly or has
severe motion blur as even the fastest updating sensory memory cannot catch
up. See the appendix for examples. We think a sensory memory with a large
receptive field that is more powerful than our baseline instantiation could help.

5

Conclusion

We present XMem – to our best knowledge the first multi-store feature memory
model used for video object segmentation. XMem achieves excellent performance
with minimal GPU memory usage for both long and short videos. We believe
XMem is a good step toward accessible VOS on mobile devices, and we hope to
draw attention to the more widely-applicable long-term VOS task.
Acknowledgment. Work supported in part by NSF under Grants 1718221,
2008387, 2045586, 2106825, MRI 1725729, and NIFA award 2020-67021-32799.
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