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Abstract

In this paper, we introduce Latest Object Memory (LOM),
a system for robustly tracking and continuously updating
the latest states of objects by explicitly modeling their pres-
ence across video frames. LOM enables consistent tracking
and accurate identity management across frames, enhanc-
ing both performance and reliability through the video seg-
mentation process. Building upon LOM, we present Latest
Object Memory Management (LOMM) for temporally con-
sistent video instance segmentation, significantly improving
long-term instance tracking. This enables consistent track-
ing and accurate identity management across frames, en-
hancing both performance and reliability through the video
segmentation process. Moreover, we introduce Decoupled
Object Association (DOA), a strategy that separately handles
newly appearing and already existing objects. By leveraging
our memory system, DOA accurately assigns object indices,
improving matching accuracy and ensuring stable identity
consistency, even in dynamic scenes where objects frequently
appear and disappear. Extensive experiments and ablation
studies demonstrate the superiority of our method over tra-
ditional approaches, setting a new state-of-the-art in video
instance segmentation. Notably, our LOMM achieves an AP
score of 54.0 on YouTube-VIS 2022, a dataset known for its
challenging long videos. Project page: this https URL

1. Introduction
Video instance segmentation (VIS) is a complex task that
requires segmenting, classifying, and tracking objects across
video frames [42]. Recent breakthroughs in this field have
been significantly propelled by the adoption of query-based
segmentation networks [5, 6], which have notably enhanced
the precision of instance segmentation. These networks uti-
lize object queries to extract distinctive features for each
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† Corresponding author.

object within a frame and then group pixels on the image
feature map to delineate object regions. Building on the ca-
pabilities of these architectures, the latest VIS approaches
[14–16, 20, 23, 36, 46, 47] focus on developing sophisticated
methods for instance association, aiming to improve the ac-
curacy and efficiency of tracking objects across a video.

To enhance object association between frames,
transformer-based trackers [47, 48] directly align predictions
using cross-frame attention, dynamically reconstructing
object representations from prior frames. While effective for
short-term tracking, these methods heavily rely on previous
frame data, which can hinder long-term consistency, as
shown in the first row of Fig. 1. To mitigate this issue,
some approaches incorporate a memory system, updating
object representations based on similarity [19, 36, 46] or
momentum mechanisms [11]. However, as shown in the
second row of Fig. 1, these methods often struggle due to
mixed representations, causing ambiguity in memory-object
matching and leading to tracking failures. Even SAM2
[30], which stores not only object features but also spatial
feature maps in memory, fails to maintain consistency in
long videos, as demonstrated in the third row of Fig. 1.
These limitations highlight the need for a more robust
approach that consistently updates and associates object
representations over long videos. (We refer the reader to the
Supplementary Material for deeper understanding.)

To tackle the challenges inherent in VIS, we introduce
Latest Object Memory Management (LOMM) designed for
temporally consistent object tracking. As its core, Latest
Object Memory (LOM) maintains and updates the latest state
of each object, using the most recent object state as the key
cue for tracking. By explicitly modeling object presence in
each frame, our method efficiently handles dynamic scene
where objects frequently appear and disappear. This memory-
driven approach ensures stable identity management across
frames, significantly improving VIS accuracy and reliability.
We also introduce an Decoupled Object Association (DOA),
a method that leverages our memory system for precise ob-
ject matching. This strategy separates the object association
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Figure 1. Qualitative comparisons on a challenging video from YouTube-VIS 2022. Yellow text highlights objects that failed to be tracked.
(First row) DVIS++ [48] often fails to track objects that reappear after a temporal gap, as it relies solely on the previous frame. (Second row)
CTVIS [46] employs a memory mechanism that aggregates object features across frames based on similarity weights, potentially leading to
ID switching. (Third row) SAM2 [30] stores spatial feature maps alongside object features; however, it fails to effectively associate this
information, leading to failures in challenging scenarios. (Fourth row) Our approach continuously updates and matches the latest state of
each object, enabling robust and consistent tracking.

process into two stages: (1) tracking existing objects using
stored memory states to maintain consistent identities and
(2) assigning new IDs to newly appeared objects using our
Occupancy-guided Hungarian Matching (OHM). By manag-
ing unoccupied indices, our method preserves existing object
identities while seamlessly integrating new one.

Our approach improves upon traditional cross-frame at-
tention mechanisms [47], which often misassign new objects
to background indices, leading to learning conflicts. Instead
of relying solely on object features from the previous frame
as anchor queries, we incorporate DOA to determine object
IDs in the current frame, enabling construction of adaptive
anchor queries for more robust matching. By separately han-
dling existing and new objects, our decoupled strategy en-
sures precise and consistent object alignment across frames,
overcoming key limitations of prior methods. Extensive ex-
periments and ablation study demonstrate that the effective-
ness of our method, achieving superior performance over
existing techniques.

Our contributions can be summarized as follows:
1. We present a new memory-based video instance seg-

mentation, called Latest Object Memory Management
(LOMM), which dynamically manages the latest object
states for temporally consistent object matching.

2. We introduce Latest Object Memory (LOM), which accu-
rately updates the most recent object features, crucial for
precise object matching.

3. We propose Decoupled Object Association (DOA), which
matches existing objects in memory and assigns new IDs
to newly detected ones.

4. LOMM excels in challenging long videos, achieving
state-of-the-art performance in VIS benchmarks.

2. Related Works

Video Instance Segmentation. VIS primarily learns frame-
to-frame feature associations using instance segmentation ar-
chitectures. The seminal work, MaskTrack R-CNN [42], add
a tracking head to Mask R-CNN [13], enhancing instance
association. This is advanced by SipMask [2] and CrossVIS
[43], which improves temporal associations with cross-frame
learning. Additionally, IDOL [36] incorporates contrastive
learning into a query-based architecture [52], boosting on-
line method performance. Beyond online methods, VisTR
[34] apply DETR [3] for clip-level instance predictions, con-
strained by dense self-attention. Efficiency improvements
are further pursued with IFC [18], introducing a transformer
with separate spatial and temporal attentions, and TeViT
[44] and Seqformer [35], which adapt vision transformer
backbones to enhance temporal associations and video-level
instance predictions, respectively. Recently, query-based seg-
mentation networks have become fundamental to contempo-
rary VIS approaches, prominently featuring Mask2Former
[6] as a key underlying technology. MinVIS [16] simplifies
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tracking by using post-processing based on cosine similarity
between object features. VITA [14] enhances this by tem-
porally associating frame-level queries to identify instance
prototypes within a video. GenVIS [15] creates a tracking
network that operates at the sub-clip level. CTVIS [46] em-
ploys contrastive learning across an expanded frame set to
achieve detailed frame associations. DVIS [47] introduces
a decoupled architecture that segments the processes into
distinct tasks of segmentation, tracking, and refinement.

Object Tracking with Memory. Memory-based methods
have shown significant advancements in video analysis, par-
ticularly in tasks requiring sustained long-term consistency,
such as video object segmentation [7, 9, 17, 31, 32, 38, 49],
video instance segmentation [15, 22, 36, 42, 46], and video
object tracking [1, 10, 11, 27, 39, 45, 50]. Some research
has successfully utilized external memory in multi-object
tracking scenarios. MaskTrack R-CNN [42] employs an ex-
ternal memory to store predicted instance representations,
updating them with new data from the latest frame through a
straightforward replacement rule. Building on this, with the
introduction of DETR [3], Meinhardt et al. [27] developed
TrackFormer, which innovates a tracking-by-attention ap-
proach. This method uses object tokens to maintain temporal
instance memories, enhancing tracking continuity. Recent
advancements have further improved long-term consistency
by either stacking these tokens in a memory buffer [1] or
applying momentum to update the tokens [11]. Despite these
advancements, current techniques often fall short in address-
ing challenges related to the initial appearance and eventual
disappearance of objects, especially due to occlusion. Even
unified models [33, 37, 40, 41] struggle to handle such cases
effectively. This gap indicates significant potential for further
improvements in memory-based tracking methods.

3. Preliminary
Transformer-based Tracker. Video instance segmentation
(VIS) involves segmenting and tracking objects consistently
across video frames. To address this challenge, recent studies
[14–16, 23, 46–48] have adopted query-based segmentation
network like Mask2Former [6]. The segmentation network
S generates object representations Q̃t ∈ RN×C , categori-
cal probabilities Pt ∈ RN×(K+1), and segmentation masks
Mt ∈ RN×H×W for each video frame {It}Tt=1 as follows:[

Q̃t, Pt,Mt

]
= S (It) , ∀t = {1, . . . , T}, (1)

where N is a sufficiently large number to detect objects in
an image, while H , W , and C denote the height, width of
predicted mask and the channel dimensions of the object rep-
resentations, respectively. The categorical prediction head in
the segmentation network classifies objects into K categories
or as no-object ∅. The class label ct ∈ RN is determined by
applying the argmax operation to the probability matrix Pt
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Figure 2. Limitations of existing trackers. When a new object
appears, there is no reference for assigning its ID, so it must be
mapped to an ID previously used for the background. This results
in an unnatural learning process where foreground and background
features become overly similar, leading to suboptimal performance.

along the (K + 1) dimension.
The principal challenge in VIS lies in maintaining consis-

tent object representations across frames, ensuring that the
aligned sequences of predicted objects Qt ∈ RN×C consis-
tently correspond to the same physical entities throughout
the video, as follows:

Qt = T
(
Qt−1, Q̃t

)
, ∀t ∈ {1, . . . , T}, (2)

where T is a tracking network consisting of multiple trans-
former blocks and the initial queries Q0 are initialized as raw
features using raw features extracted from the segmentation
network, Q̃1, from the first frame. Recent state-of-the-art
methods [15, 47, 51] use a transformer-based tracker that
encodes object features from each frame, informed by the se-
quence from previous frames. Cross-attention layers within
these transformers align current frame objects with previ-
ous ones based on feature similarity, ensuring accurate and
consistent tracking across the video.

Discussion. The tracking network described in Eq. (2)
encounters two primary challenges. First, it relies on main-
taining consistent object indices once they are assigned, but
this consistency is not guaranteed. Since object association
depends on matching objects across consecutive frames, ob-
jects that temporarily disappear and later reappear are at risk
of being assigned incorrect indices. Although exisiting appo-
raches, such as updating long-term memory with momentum
[11] or enhancing object-wise similarity [19, 36, 46] aim
to mitigate this, they often fall short of reliably preserving
object identities over time.

The second challenge relates to the handling of newly ap-
pearing objects. The cross-attention mechanism reconstructs
objects by comparing them to those already identified. How-
ever, new objects lack any prior reference, meaning they
should be assigned to previously unallocated indices. For
this to work, their features would need to resemble back-
ground features at first–an unnatural and impractical con-
straint, as shown in Fig. 2. This leads to ambiguous feature
learning, unltimately degrading the system’s ability to ac-
curately track newly appearing objects. To address these
issues, we introduce an Latest Object Memory Management
(LOMM) described in Sec. 4.
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Figure 3. Overall pipeline of our LOMM. (a) For each frame, the existing object tracker TE utilizes Mt−1 from the Latest Object
Memory and Q̃t from the segmentation network S to predict aligned features Q̂t for matched existing objects. The current frame’s existing
objects Q̂t and all objects Q̃t are matched through Occupancy-guided Hungarian Matching (OHM), ensuring accurate ID assignment for
potential new objects and generating aligned object features Ât. For robust tracking, an adaptive query Q̄t is created by blending past
information Mt−1 with the current frame’s aligned objects Ât. This adaptive query Q̄t and the current frame’s objects Q̃t are processed by
TA to obtain the final tracking result Q̇t. (b) OHM assigns newly appeared objects to unoccupied slots using the occupancy prior Ot−1. To
ensure precise matching, OHM first assigns IDs to existing objects at occupied indices. Then, it allocates IDs to newly appeared objects at
unoccupied indices, producing the aligned object features Ât as output.

4. LOMM
As illustrated in Fig. 3, our model consists of two tracking
networks, TE for existing objects and TA for all objects in-
cluding potential new objects. These two networks align the
object features Q̃ produced by the pretrained segmentation
network S . Our approach incorporates two principal compo-
nents to enhance tracking precision and consistency: a Latest
Object Memory in Sec. 4.1 and a Decoupled Object Asso-
ciation strategy in Sec. 4.2. These sections detail how they
contribute to maintaining object continuity and seamlessly
integrating potential new objects into the scene.

4.1. Latest Object Memory
To enhance tracking in video instance segmentation (VIS),
we first introduce Latest Object Memory, a crucial com-
ponent of our LOMM framework. This memory system,
denoted asMt, continuously updates object features online
at each time step t. Specifically, it accumulates the aligned
object features Q̇t ∈ RN×C over time as follows:

Mt = (1− pt)Mt−1 + ptQ̇t, ∀t = {1, . . . , T}, (3)

where pt is the foreground probability for each object index.
This probability is computed by summing the categorical
probabilities {P k

t }Kk=1 across all object classes, excluding
the no-object probability P

(K+1)
t . Our memory is initialized

atM0 with Q̇1 and the aligned queries Q̇t are defined in
Eq. (6). This dynamic update process ensures consistent and
robust maintenance of object information throughout the
video sequence. By adaptively incorporating changes from
the current frame, the memory effectively tracks and updates

object representations as they appear, move, and potentially
disappear across the video. Unlike traditional memory up-
date methods that might prioritize background information,
our method focuses on foreground objects. This prioritiza-
tion is crucial in dynamic video environments where objects
frequently appear and disappear, ensuring that our system
maintains accurate and reliable object information over time.

4.2. Decoupled Object Association
Based on our observation described in Sec. 3, we design
a Decoupled Object Association strategy that consists of
the following steps: (1) existing object tracking, (2) index
assignment to new objects, and (3) object alignment with
an adaptive anchor query. To avoid unnatural associations
that can arise from directly tracking all objects observed
in the instance queries Q̃t, we initially focus on matching
all instances to the existing objects recorded in the memory
Mt−1 as follows:

Q̂t = TE
(
Mt−1, Q̃t

)
, (4)

where Q̂t represents aligned features of matched existing
objects, and TE denotes the existing object tracker. This
mechanism specifically focuses on identifying existing ob-
jects in the current frame, thereby minimizing ambiguity in
the object association process. It is important to note that
Q̂t excludes any objects that have newly appeared at time t.
This ensures that the system accurately tracks and updates
only those objects that persist across frames, without being
confounded by newly introduced elements.

When new objects appear, they should be assigned previ-
ously unallocated indices for accurate tracking. To manage
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the allocation state of each object, we define occupancy sta-
tuses O as follows:

Ot = Ot−1 ∨Ot, On
t =

{
0 if cnt = ∅,

1 otherwise
, (5)

where cnt represents the predicted class, and ∅ denotes the
no-object class. O0 is initialized as a zero vector of length
N , and each slot n is marked as occupied once a foreground
object has been assigned to it at least once.

In our framework, the queries from segmentation network
Q̃t encompasses both existing and newly appeared objects,
whereas the queries Q̂t contains only the existing objects
at occupied indices. By matching these two object features,
appropriate indices for the new objects can be identified. To
facilitate this, we introduce an occupancy-guided Hungarian
matching mechanism. This ensures that newly appeared ob-
jects are not erroneously matched to indices that are already
occupied Ot−1 from the previous time (t− 1). The match-
ing starts by aligning objects corresponding to the occupied
indices in Q̂t, followed by the remaining objects.

To ensure robust object association, we combine the
aligned object queries Ât from Alg. 1 with the latest ob-
ject queries stored inMt−1 to construct an adaptive anchor
query for TA. Then, we reconstruct the current object fea-
tures Q̂t using the adaptive anchor query through the align-
ment network TA as follows:

Q̇t = TA
(
Q̄, Q̃t

)
, Q̄t = Adp(Ât,Mt−1) (6)

where Adp(A,B) = sim(A,B) ·A+
(
1− sim(A,B)

)
·B

and sim(·, ·) measures cosine similarity.

4.3. Training
Early training. In the initial stages of training, the quality
of representations, such as Q̂t, can be poor, making effec-
tive object matching as outlined in Alg. 1 challenging. To
improve early training outcomes and provide a more stable
foundation for learning, we adopt the following approach:

Q̄t = Adp(Q̃∗
t ,Mt−1),

Q̃∗
t = Hungarian

(
Q̃∗

t−1, Q̃t

)
,

(7)

where “Hungarian” refers to the Hungarian matching algo-
rithm [21], used to improve the initial alignment of object
representations between frames. The initial queries, Q̃∗

0, are
initialized as raw features extracted from the segmentation
network, Q̃1, in the first frame.

The initial outputs from the tracking networks TE and
TA often exhibit considerable noise, which can impede the
accuracy of the tracking process. To mitigate this, we adopt
the approach described in [47] for ground truth assignment.

Algorithm 1: Occupancy-guided Hungarian Matching

1 Input: Existing objects Q̂t ∈ RN×C , Current objects
Q̃t ∈ RN×C , Occupancy statuses Ot−1 ∈ BN

2 Output: Aligned object queries Ât ∈ RN×C

3 Initialize: Ât ← empty matrix of size N × C
4 Get index sets:
Io ← {i | Oi

t−1 = 1, i ∈ {1, . . . , N}}
Iu ← {i | Oi

t−1 = 0, i ∈ {1, . . . , N}}
5 Get object features for each index set:

fo ← Q̂t[Io], fu ← Q̂t[Iu]
6 Find index set for occupied objects:
Jo ← Hungarian(fo, Q̃t)

7 Get unmatched features in Q̃t:
f̃u ← Q̃t \ {Q̃t[Jo]}

8 Find index set for unoccupied objects:
Ju ← Hungarian(fu, f̃u)

9 Assign aligned object query:
10 Ât[Io]← Q̃t[Jo], Ât[Iu]← Q̃t[Ju]

11 Return Ât

Specifically, predictions ŷ from Q̃∗
t are used for assigning

ground truth via Hungarian matching. This method is strate-
gically implemented during the first half of the total training
iterations. This phased application allows the model to adapt
incrementally to the task’s complexity, enhancing the quality
of the training representations as the process evolves. Such
a staged training approach not only stabilizes the learning
curve but also significantly improves alignment and tracking
accuracy over time (see Tab. 3-(f)).

Training loss. In our approach, we utilize a compre-
hensive loss function aligned with those [4, 23, 47]. This
function incorporates categorical cross-entropy, binary cross-
entropy, and dice losses, which are pivotal for effectively
training our model. We specifically focus on optimizing the
networks TE and TA, while keeping other parameters static.
We use both the actual ground truth yt and a modified ver-
sion, ẙnt , which adapts the indices by assigning the no-object
label ∅ and zero mask where new objects appear. This mod-
ification ensures that ẙt reflects only predictions for existing
objects, thereby enhancing the relevance and accuracy of the
training process. The structure of our primary training loss
is computed as follows:

LTrack =

T∑
t=1

NGT∑
n=1

(
L
(
ẙnt , ŷ

σ́(n)
t

)
+ L

(
ynt , ẏ

σ́(n)
t

))
,

σ́ = argmin
σ∈SN

NGT∑
n=1

LMatch

(
ynf(n), ẏ

σ(n)
f(n)

)
,

(8)

where ẏt and ŷt are the predictions from the feature represen-
tations Q̇t and Q̂t, respectively. SN represents a permutation
of N elements, and LMatch denotes a pair-wise matching cost
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Table 1. Comparison on YouTube-VIS validation sets. ∗ denotes offline methods. We employ a temporal refiner [47] for offline model.

Method Backbone YouTube-VIS 2019 YouTube-VIS 2021 YouTube-VIS 2022
AP AP50 AP75 AR1 AR10 AP AP50 AP75 AR1 AR10 AP AP50 AP75 AR1 AR10

MinVIS [16] R50 47.4 49.0 52.1 45.7 55.7 44.2 66.0 48.1 39.2 51.7 23.3 47.9 19.3 20.2 28.0
VITA∗ [14] R50 49.8 72.6 54.5 49.4 61.0 45.7 67.4 49.5 40.9 53.6 32.6 53.9 39.3 30.3 42.6
GenVIS [15] R50 50.0 71.5 54.6 49.5 59.7 47.1 67.5 51.5 41.6 54.7 37.5 61.6 41.5 32.6 42.2
DVIS [47] R50 51.2 73.8 57.1 47.2 59.3 46.4 68.4 49.6 39.7 53.5 31.6 52.5 37.0 30.1 36.3
TCOVIS [23] R50 52.3 73.5 57.6 49.8 60.2 49.5 71.2 53.8 41.3 55.9 38.6 59.4 41.6 32.8 46.7
DVIS-DAQ [51] R50 55.2 78.7 61.9 50.6 63.7 50.4 72.4 55.0 41.8 57.6 34.6 - 35.5 - 41.1
DVIS++ [48] R50 55.5 80.2 60.1 51.1 62.6 50.0 72.2 54.5 42.8 58.4 37.2 57.4 40.7 31.8 44.6
Ours R50 55.7 79.8 61.4 51.3 62.7 50.7 72.9 56.9 43.7 58.4 41.1 62.4 46.2 35.8 47.5

MinVIS [16] Swin-L 61.6 83.3 68.6 54.8 66.6 55.3 76.6 62.0 45.9 60.8 33.1 54.8 33.7 29.5 36.6
VITA∗ [14] Swin-L 63.0 86.9 67.9 56.3 68.1 57.5 80.6 61.0 47.7 62.6 41.1 63.0 44.0 39.3 44.3
DVIS [47] Swin-L 63.9 87.2 70.4 56.2 69.0 58.7 80.4 66.6 47.5 64.6 39.9 58.2 42.6 33.5 44.9
GenVIS [15] Swin-L 64.0 84.9 68.3 56.1 69.4 59.6 80.9 65.8 48.7 65.0 45.1 69.1 47.3 39.8 48.5
TCOVIS [23] Swin-L 64.1 86.6 69.5 55.8 69.0 61.3 82.9 68.0 48.6 65.1 51.0 73.0 53.5 41.7 56.5
DVIS++ [48] ViT-L 67.7 88.8 75.3 57.9 73.7 62.3 82.7 70.2 49.5 68.0 37.5 53.7 39.4 32.4 43.5
DVIS-DAQ [51] ViT-L 68.3 88.5 76.1 58.0 73.5 62.4 83.6 70.8 49.1 68.0 42.0 - 43.0 - 48.4
DVIS++∗ [48] ViT-L 68.3 90.3 76.1 57.8 73.4 63.9 86.7 71.5 48.8 69.5 50.9 75.7 52.8 40.6 55.8
Ours ViT-L 69.1 89.3 76.5 58.1 73.5 65.0 86.0 72.7 49.6 69.1 48.2 70.5 53.2 40.7 52.6
Ours∗ ViT-L 70.1 90.7 77.7 58.5 74.8 66.2 88.6 74.9 49.9 70.6 54.0 77.1 57.9 43.2 58.8

[4]. f(n) is computed specifically for the frame in which
each n-th object first appears, following the approach used
in [47]. This ensures that our model specifically learns from
relevant, existing object features and avoids any confusion
from non-object areas or noise.

To ensure that occupied indices in Q̃ consistently rep-
resent the same objects across frames and that unoccupied
indices reflect changes, we implement a similarity-based loss
function as follows:

LSim =
1

TNGT

T∑
t=2

NGT∑
n=1

(
sim

(
Â

σ́(n)
t ,Mσ́(n)

t−1

)
−Oσ́(n)

t−1

)2

.

(9)
Our model is jointly trained using an objective function that
combines the tracking loss and the similarity loss, with a
balance determined by the weight λSim:

LTotal = LTrack + λSimLSim. (10)

5. Experiments
5.1. Implementation Details
We evaluate the performance of our LOMM using stan-
dard benchmark datasets: YouTubeVIS datasets (2019, 2021,
2022) [42] and OVIS [29]. For our segmentation network,
we employ the Mask2Former architecture [6] equipped with
three distinct backbone encoders: ResNet-50 [12], Swin-L
[26], ViT-L and ViT-H [8]. All backbones are initialized with
parameters pre-trained on COCO [25]. Our tracking frame-
work integrates two networks TE and TA, each compris-
ing three transformer blocks and enhanced with a referring
cross-attention layer [47] for improved accuracy. Our track-
ing networks are trained with all other parameters frozen
as previous studies [23, 47]. We empirically set λSim as 1.0.
Further details are described in the supplementary materials.

Table 2. Comparisons on OVIS validation sets.

Method Backbone AP AP50 AP75 AR1 AR10

MinVIS[16] Swin-L 39.4 61.5 41.3 18.1 43.3
IDOL[36] Swin-L 40.0 63.1 40.5 17.6 46.4
MDQE[24] Swin-L 41.0 67.9 42.7 18.3 45.2
NOVIS[28] Swin-L 43.0 66.9 44.5 18.9 46.3
GenVIS[15] Swin-L 45.2 69.1 48.4 19.1 48.6
DVIS[47] Swin-L 45.9 71.1 48.3 18.5 51.5
TCOVIS[23] Swin-L 46.7 70.9 49.5 19.1 50.8
CTVIS[46] Swin-L 46.9 71.5 47.5 19.1 52.1
Ours Swin-L 47.8 73.6 51.4 19.2 52.4
DVIS++[48] ViT-L 49.6 72.5 55.0 20.8 54.6
Ours ViT-L 51.7 73.9 57.5 21.1 56.2
UNINEXT[41] ViT-H 49.0 72.5 52.2 - -
Ours ViT-H 52.9 76.1 55.3 20.1 57.4

5.2. Main Results

Following the standard evaluation metrics, Average Precision
(AP) and Average Recall (AR), we benchmark the perfor-
mance of LOMM against the current state-of-the-art methods
in video instance segmentation.

Results on Youtube-VIS. We compare LOMM with lead-
ing methods on the YouTube-VIS (YTVIS) datasets. The per-
formance metrics, detailed in Tab. 1, show that LOMM out-
performs state-of-the-art method, DVIS++, by achieving
higher AP scores: +1.8 AP on YTVIS19, +2.2 AP on
YTVIS21, and +3.1 AP on YTVIS22. Notably, LOMM also
surpasses the performance of DVIS-DAQ, which addresses
newly emerging and disappearing objects, under the same
online setting equipped with a ViT-L backbone, achieving
margins of +0.8 AP, +2.6 AP, and +6.2 AP on YTVIS19,
YTVIS21, and YTVIS22, respectively. This significant im-
provement, particularly on longer video sequences, under-
scores LOMM’s ability to maintain long-term consistency
effectively. This is largely attributed to its innovative lat-
est object memory mechanism that adapts dynamically to
complex video contexts.
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Figure 4. VIS results from our model on challenging videos in OVIS dataset. (First and Second row) In both videos, the objects are
successfully tracked without any ID switch even after complete occlusion. (Third row) The model robustly tracks a newly appeared object
throughout the entire video, even in a crowded scene.

Results on OVIS. Our results on the OVIS benchmark
are detailed in Tab. 2, where LOMM exhibits remarkable su-
periority over existing models. Notably, both with the ViT-L
and ViT-H backbone, our model sets a new state-of-the-art by
outperforming CTVIS by +0.9 AP, DVIS++ by +2.1 AP, and
UNINEXT by +3.9 AP. The strong performance across these
configurations, particularly in a dataset characterized by fre-
quent occlusions and dynamic object appearances, highlights
the efficacy of LOMM’s latest-state-aware memory and ob-
ject association techniques in maintaining accurate and con-
sistent tracking under challenging conditions. As shown in
Fig. 4, our model demonstrates a clear advantage in complex
scenes, accurately predicting object trajectories even amid
severe occlusions and multiple interacting objects.

5.3. Ablation Study

To verify the effectiveness of our method on long videos, we
conduct an ablation study on the YouTube-VIS-2022 dataset.
We use a ResNet-50 backbone for all experiments and adopt
the AP score as the evaluation metric.

Latest Object Memory. We demonstrate the effective-
ness of our Latest Object Memory through the results in
Tab. 3-(a) and (b), which show a notable improvement by
+7.2 and +5.3 AP compared to the baseline MinVIS [16]
and DVIS [47], respectively. The conventional memory sys-
tems struggle to effectively update recent object informa-
tion, resulting in suboptimal tracking performance. (Refer to
our supplementary materials for a more detailed analysis.)
This underscores the effectiveness of our approach, con-

firming that updating memory with foreground probability
significantly enhances the model’s accuracy and reliability,
especially in challenging scenarios where precise object as-
sociation is essential.

Decoupled Object Association. Tab. 3-(a), (c), (d), and
(e) demonstrates the effectiveness of the Decoupled Ob-
ject Association, which consists of two trackers, TE and
TA, and Occupancy-guided Hungarian Matching. Applying
DOA to the baseline DVIS [47] results in +3.3 AP improve-
ment, and combining it with LOM achieves a significant syn-
ergy, leading to a +7.2 AP gain. The aligned object queries
Ât, obtained by aligning the segmentation network’s output
through Occupancy-guided Hungarian Matching (OHM),
achieve a strong performance of 39.1 AP. Further refining
the current frame’s object features Â using past informa-
tionMt−1 via TA results in the refined object features Q̇,
achieving an even higher score of 41.1 AP. Using either the
current frame’s object Ât or the past memoryMt−1 alone as
the anchor query for TA results in suboptimal performance,
yielding 39.3 AP and 39.2 AP, respectively. Notably, OHM
without occupancy guidance still achieves a competitive 40.3
AP, but incorporating occupancy information enables more
robust matching, further boosting performance. These re-
sults highlight the effectiveness of our matching strategy
in consistently tracking both existing and newly appeared
objects.

Early training strategy. Although LOMM demonstrates
robust performance, the initial stages of training the tracker
can be particularly challenging due to the scarcity of learned
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Table 3. Ablation studies on each component of LOMM. All experiments report AP scores on the YouTube-VIS 2022 dataset using a
ResNet-50 backbone. (a) Effect of Latest Object Memory (LOM) and Decoupled Object Association (DOA). (b) Performance comparison of
different memory systems across baselines. (c) Comparison between prediction from Â and its refined output Q̇ via TA. (d) Performance
comparison using Ât (current frame), Mt−1 (past frames), and Q̄t (blended adaptive anchor) as anchors for TA. (e) Comparison between
OHM and standard Hungarian matching. (f) Effect of early training.

(a) LOM, DOA

LOM DOA AP
33.9

✓ 36.2
✓ 39.2
✓ ✓ 41.1

(b) Memory type

Baseline Memory type
✗ Similarity Momentum LOM

MinVIS [16] 26.8 28.5 30.9 34.0
DVIS [47] 33.9 35.8 35.2 39.2

(c) Necessity of TA

Prediction from AP

Â 39.1

Q̇ 41.1

(d) Anchor query for TA

Metric Anchor query
Ât Mt−1 Q̄t

AP 39.3 39.2 41.1

(e) Occupancy-guided Hungarian Matching

Metric Occupancy awareness
✗ ✓

AP 40.3 41.1

(f) Early training

Metric Early training
✗ ✓

AP 40.0 41.1

Table 4. Trade-off between computational cost and performance.

Tracker Params (M) ↓ Time (ms) ↓ AP (YTVIS22) ↑
DVIS [47] 9.68 91.26 33.9
DVIS++ [48] 26.78 97.73 37.2
DVIS-DAQ [51] 18.62 209.15 34.6
Ours 9.88 101.16 41.1

information. To address this, we adopt a strategy where
training initially relies on the outputs from the pre-trained
segmentation network S for the first half of the training
iterations. This approach facilitates a more stable and in-
formed beginning to the learning process. The effectiveness
of this strategy compared to conventional methods is detailed
in Tab. 3-(f), showcasing the advantages of integrating the
pre-trained knowledge at the early stages.

5.4. Computational Cost

We introduce a novel tracking approach based on a decou-
pled architecture and compare its computational cost with
existing methods (DVIS, DVIS++, and DVIS-DAQ) in Tab. 4.
All models share the same segmentation network, with dif-
ference arising only in their tracking networks. The baseline
model, DVIS, has a tracker with 9.68M parameters, while
DVIS++ doubles the number of channels in its attention
operations, increasing its parameter count to 26.78M. Simi-
larly, DVIS-DAQ doubles the number of transformer blocks,
resulting in 18.62M parameters. In contrast, our method
maintains a nearly identical parameter count to the baseline
at 9.88M.

Inference speed (measured in ms/frame) is evaluated us-
ing the R50 backbone on an RTX 2080 Ti GPU. Compared
to DVIS and DVIS++, our method requires approximately
10ms and 3ms more per frame, respectively, while achieving
substantial performance gains of +7.2 AP and +3.9 AP. Com-
pared to DVIS-DAQ, our method is approximately twice as
fast while obtaining +6.5 AP. These results highlight that

our method achieves an effective balances performance and
computational efficiency.

6. Conclusion
In this paper, we present Latest Object Memory Management
(LOMM) for temporally consistent video instance segmen-
tation, a robust method designed to maintain temporal con-
sistency in VIS. At the heart of LOMM is the Latest Object
Memory, which utilizes the most recent instance features to
effectively discern and track objects over time. The memory
is essential for correctly assigning indices to new objects
and distinguishing them from existing ones. We also pro-
pose the Decoupled Object Association strategy, integrating
our object memory with occupancy information to ensure
precise object matching. This approach divides the object
association process into two phases: continuously tracking
existing objects to preserve their identities and aligning all
current frame instances via an adaptive anchor query. This
ensures both stable and accurate tracking. Extensive exper-
iments confirm that our LOMM achieves top performance
across the most standardized VIS benchmarks.
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