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Abstract

The Segment Anything Model 2 (SAM 2) has emerged as
a powerful foundation model for object segmentation in
both images and videos. The crucial design of SAM 2 for
video segmentation is its memory module, which prompts
object-aware memories from previous frames for current
frame prediction. However, its greedy-selection memory de-
sign suffers from the “error accumulation” problem, where
an errored or missed mask will cascade and influence the
segmentation of the subsequent frames, which limits the per-
formance of SAM 2 toward complex long-term videos. To
this end, we introduce SAM2Long, an improved training-
free video object segmentation strategy, which considers the
segmentation uncertainty within each frame and chooses
the video-level optimal results from multiple segmentation
pathways in a constrained tree search manner. In prac-
tice, we maintain a fixed number of segmentation pathways
throughout the video. For each frame, multiple masks are
proposed based on the existing pathways, creating various
candidate branches. We then select the same fixed number
of branches with higher cumulative scores as the new path-
ways for the next frame. After processing the final frame,
the pathway with the highest cumulative score is chosen as
the final segmentation result. Benefiting from its heuristic
search design, SAM2Long is robust toward occlusions and
object reappearances, and can effectively segment and track
objects for complex long-term videos. Without further train-
ing, SAM2Long significantly and consistently outperforms
SAM 2 on nine VOS benchmarks and three VOT benchmarks.
Notably, SAM2Long achieves an average improvement of 3.7
points across all 12 direct comparisons, with gains of up to
5.3 points in J&F on long-term video object segmentation
benchmarks such as SA-V and LVOS. The code is released at
https://github.com/Mark12Ding/SAM2Long.

*Corresponding Author.

1. Introduction

The Segment Anything Model 2 (SAM 2) has gained signif-
icant attention as a unified foundational model for prompt-
able object segmentation in both images and videos. No-
tably, SAM 2 [50] has achieved state-of-the-art performance
across various video object segmentation tasks, significantly
surpassing previous methods. Building upon the original
SAM [33], SAM 2 incorporates a memory module that en-
ables it to generate masklet predictions using stored memory
contexts from previously observed frames. This module
allows SAM 2 to seamlessly extend SAM into the video do-
main, processing video frames sequentially, attending to the
prior memories of the target object, and maintaining object
coherence over time.

While SAM 2 demonstrates strong performance in video
segmentation and downstream tasks [25], its greedy segmen-
tation strategy struggles to handle complex video scenarios
with frequent occlusions and object reappearance. In detail,
SAM 2 confidently and accurately segments frames when
clear visual cues are present. However, in scenarios with
occlusions or reappearing objects, it can produce mask pro-
posals that are highly variable and uncertain. Regardless of
the frame’s complexity, a uniform greedy selection strategy
is applied to both scenarios: the mask with the highest pre-
dicted IoU is selected. Such greedy choice works well for
the easy cases but raises the error potential for the challeng-
ing frames. Once an incorrect mask is selected into memory,
it is uncorrectable and will mislead the segmentation of the
subsequent frames. Figure 1 illustrates the problem of “error
accumulation” both qualitatively and quantitatively. The per-
formance of SAM 2 gradually declines as the propagation
progresses into later temporal segments, underscoring its
limitations in keeping accurate tracking over time.

To this end, we redesign the memory module of SAM 2
to enhance its long-term capability and robustness against
occlusions and error propagation. Our approach is motivated
by the observation that the SAM 2 mask decoder gener-
ates multiple diverse masks, accompanied by predicted IoU
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Figure 1. Comparison of occlusion handling and long-term capability between SAM 2 and SAM2Long. (a) When an occlusion occurs,
SAM 2 may lose track or follow the wrong object, leading to accumulated errors. In contrast, SAM2Long utilizes memory tree search to
recover when the object reappears. (b) Per-frame J&F scores of the predicted masks with different timestamp are plotted on the LVOS and
SA-V datasets. SAM2Long demonstrates greater resilience to long video compared to SAM 2.

scores and an occlusion score when handling challenging
and ambiguous cases. However, SAM 2 only selects a single
mask as memory, sometimes disregarding the correct one.
To address this limitation, we propose integrating SAM 2
with multiple memory pathways, inspired by prior Multiple
Hypothesis Tracking (MHT) techniques [15, 32, 51]. These
techniques, widely adopted in the tracking community, en-
able the storage of various masks as memory at each time
step and delay the association decision to obtain video-level
optimal result. In particular, we maintain a fixed number
of memory pathways over time to explore multiple segmen-
tation hypotheses with efficiently managed computational
resources. At each time step, based on a set of memory path-
ways, each with its own memory bank and cumulative score
(accumulated logarithm of the predicted IoU scores across
the pathway), we produce multiple candidate branches for
the current frame. Then, among all the branches, we only
keep the same number of branches with higher cumulative
scores and prune other branches, thereby constraining the
tree’s growth. After processing the final frame, the path-
way with the highest cumulative score is selected as the
final segmentation result. Moreover, to prevent premature
convergence on incorrect predictions, we select pathways
with distinct predicted masks when their occlusion scores
indicate uncertainty. In this way, we maintain diversity in
the tree branches in the challenging and distraction scenario.
This tree-like memory structure augments SAM 2’s ability
to effectively overcome error accumulation.

Within each pathway, we construct an object-aware mem-
ory bank that selectively includes frames with confidently
detected objects and high-quality segmentation masks, based
on the predicted occlusion scores and IoU scores. Instead
of simply storing the nearest frames as SAM 2 does, we
filter out frames where the object may be occluded or poorly

segmented. This ensures that the memory bank provides
effective object cues for the current frame’s segmentation.
Additionally, we modulate the memory attention calcula-
tion by weighting memory entries according to their occlu-
sion scores, emphasizing more reliable entries during cross-
attention. These strategies help SAM 2 focus on reliable
object clues and improve segmentation accuracy with negli-
gible computational overhead. As evidenced in Figure 1(a),
our approach successfully resolves occlusions and re-tracks
the recurring dancers, where SAM 2 fails.

Our improvement is completely free of additional train-
ing and does not introduce any external parameters, but
simply unleashes the potential of SAM 2 itself. We provide
a comprehensive evaluation that SAM2Long consistently
outperforms SAM 2 across nine VOS benchmarks and three
VOT benchmarks, particularly excelling in long-term and
occlusion-heavy scenarios. Moreover, datasets with longer
video durations generally lead to greater performance gains,
which aligns with the motivation of our design. For instance,
on the challenging SA-V test set, SAM2Long-L improves
the J&F score by 5.3 points, and SAM2Long-S shows an
impressive 4.7-point gain over the same size SAM 2 model
on SA-V val set. Similar trends are observed on the LVOS
validation set, where SAM2Long-S surpasses SAM 2-S by
3.5 points. These consistent improvements across different
model sizes, including both SAM 2 and the more recent
SAM 2.1 model weights, clearly demonstrate the generaliza-
tion ability of our proposed method. Furthermore, as shown
in Figures 1(b), the per-frame performance gap between
SAM2Long and SAM 2 increases over time. This highlights
SAM2Long’s strength in long-term tracking scenarios. With
these results, we believe SAM2Long sets a new standard
for video object segmentation based on SAM 2 in complex,
real-world applications.
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2. Related work

2.1. Video Object Segmentation

Perceiving the environment in terms of objects is a funda-
mental cognitive ability of humans. In computer vision,
Video Object Segmentation (VOS) tasks aim to replicate
this capability by requiring models to segment and track
specified objects within video sequences. A substantial
amount of research has been conducted on video object
segmentation in recent decades [3, 18, 19, 21, 28, 29, 31, 34–
36, 43, 44, 46, 48, 49, 55, 58, 59, 61, 70, 71]. There are
two main protocols for evaluating VOS models [45, 47]:
semi-supervised and unsupervised video object segmenta-
tion. In semi-supervised VOS, the first-frame mask of the
objects of interest is provided, and the model tracks these
objects in subsequent frames. In unsupervised VOS, the
model directly segments the most salient objects from the
background without any reference. It is important to note
that these protocols are defined in the inference phase, and
VOS methods can leverage ground truth annotations during
the training stage. In this paper, we explore SAM 2 [50],
for its application in semi-supervised VOS. We enhance the
memory design of SAM 2, significantly improving mask
propagation performance without any additional training.

2.2. Memory-Based VOS

Video object segmentation remains an unsolved challenge
due to the inherent complexity of video scenes. Objects
in videos can undergo deformation [54], exhibit dynamic
motion [6], reappear over long durations [26, 27], and experi-
ence occlusion [17], among other challenges. To address the
above challenges, adopting a memory architecture to store
the object information from past frames is indispensable for
accurately tracking objects in video [5, 7, 10, 29, 40, 52, 56,
57, 64, 66, 68]. Recent approaches have introduced efficient
memory reading mechanisms, utilizing either pixel-level
attention [11, 13, 20, 37, 43, 53, 62, 65, 67, 73] or object-
level attention [1, 2, 14]. Among these, Multiple Hypothesis
Tracking (MHT) [15, 32, 51] stands out as a robust paradigm
that maintains tree search to construct and manage memory.
A prominent example is XMem [11], which leverages a hier-
archical memory structure for pixel-level memory reading
combined. Building on XMem’s framework, Cutie [14] fur-
ther improves segmentation accuracy by processing pixel
features at the object level to better handle complex scenar-
ios. The latest SAM 2 [50] incorporates a simple memory
module on top of the image-based SAM [33], enabling it to
function for VOS tasks. However, SAM 2 struggles with
challenging cases involving long-term reappearing objects
and confusingly similar objects. Motivated by MHT, we
redesign SAM 2’s memory to maintain multiple potential
correct masks, making the model more object-aware and
robust.

3. Method
3.1. Preliminary on SAM 2
SAM 2 [50] begins with an image encoder that encodes
each input frame into embeddings. In contrast to SAM,
where frame embeddings are fed directly into the mask de-
coder, SAM 2 incorporates a memory module that conditions
the current frame’s features on both previous and prompted
frames. Specifically, for semi-supervised video object seg-
mentation tasks, SAM 2 maintains a memory bank at each
time step t ≥ 1:

Mt =
{
Mτ ∈ RK×C

}
τ∈I ,

where K is the number of memory tokens per frame, C is
the channel dimension, and I is the set of frame indices
included in the memory. In SAM 2, memory set I stores up
to N of the most recent frames, along with the initial mask,
using a First-In-First-Out (FIFO) queue mechanism.

Each memory entry consists of two components: (1) the
spatial embedding fused with the predicted mask (generated
by the memory encoder), and (2) the object-level pointer
(generated by the mask decoder). After cross-attending to
the memory, the current frame’s features integrate both fine-
grained correspondences and object-level semantic informa-
tion.1

The mask decoder, which is lightweight and retains the
efficiency of SAM, then generates three predicted masks for
the current frame. Each mask is accompanied by a predicted
Intersection over Union (IoU) score IoUt ≥ 0 and an output
mask token. Additionally, the mask decoder predicts a single
occlusion score ot for the frame, where ot > 0 indicates
object presence, ot < 0 indicates absence, and the absolute
value |ot| depicts the model’s confidence. The mask with the
highest predicted IoU score is selected as the final prediction,
and its corresponding output token is transformed into the
object pointer for use as the memory.

3.2. Constrained Tree Memory with Uncertainty
Handling

To enhance SAM 2’s robustness towards long-term and am-
biguous cases, we propose a constrained tree memory struc-
ture that enables the model to explore various object states
over time with minimal computational overhead. We show
the high-level pipeline in Figure 2. Note that we store mem-
ory separately for each target. Each target maintains its
own individual tree memory bank. This tree-based approach
maintains multiple plausible pathways and mitigates the ef-
fects of erroneous predictions.

Specifically, at each time step t, we maintain a set of P
memory pathways, each with a memory bank Mp

t and a

1In practice, SAM 2 stores more object pointers than spatial embeddings,
as pointers are lighter. We assume equal numbers of both components solely
for illustrative purposes, without altering the actual implementation.
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Figure 2. (a) The pipeline of constrained memory tree: At each time step t, we maintain multiple memory pathways, each containing a
memory bank and a cumulative score Sp[t]. The input frame is processed through the mask decoder conditioned on the memory bank,
generating three mask candidates for each pathway. The candidates with the highest updated cumulative scores Sp,k[t] are carried forward to
the next time step. (b) Mask selection with uncertainty handling: When the maximum absolute occlusion score exceeds the threshold δconf

(Certain), the high-scoring mask is selected. Otherwise (Uncertain), distinct mask candidates are picked to avoid incorrect convergence.

cumulative score Sp[t], representing a possible segmentation
hypothesis up to frame t. Conditioned on the memory bank
of each pathway p, the SAM 2 decoder head generates three
mask candidates along with their predicted IoU scores, de-
noted as IoUp,1

t , IoUp,2
t , and IoUp,3

t . This process expands
the tree by branching each existing pathway into three new
candidates. As a result, there are a total of 3P possible path-
ways at each time step. We then calculate the cumulative
scores for each possible pathway by adding the logarithm of
its IoU score to the pathway’s previous score:

Sp,k[t] = Sp[t− 1] + log(IoUp,k
t + ϵ), for k = 1, 2, 3,

where ϵ is a small constant to prevent the logarithm of zero.
However, continuously tripling the pathways would lead

to unacceptable computational and memory costs. Therefore,
to manage computational complexity and memory usage, we
implement a pruning strategy that selects the top P path-
ways with the highest cumulative scores to carry forward to
the next time step. This selection not only retains the most
promising segmentation hypotheses but also constrains the
tree-based memory, ensuring computational efficiency. Fi-
nally, we output the segmentation pathway with the highest
cumulative score as the ultimate result.

Compared to SAM 2, our approach introduces additional
computation mainly by increasing the number of passes
through the mask decoder and memory module. Notably,
these components are lightweight relative to the image en-
coder. For instance, the image encoder of SAM 2-Large
consists of 212M parameters while the total parameter of

SAM 2-Large is 224M. Since we process the image encoder
only once just as SAM 2 does, the introduction of a memory
tree adds negligible computational cost while significantly
enhancing SAM 2’s robustness against error-prone cases.
Uncertainty Handling. Unfortunately, there are times when
all pathways are uncertain. To prevent the model from im-
properly converging on incorrect predictions, we implement
a strategy to maintain diversity among the pathways by de-
liberately selecting distinct masks. That is, if the maxi-
mum absolute occlusion score across all pathways at time t,
max({|opt |}Pp=1), is less than a predefined uncertainty thresh-
old δconf, we enforce the model to select mask candidates
with unique IoU values. This design is inspired by the ob-
servation that, within the same frame, different IoU scores
typically correspond to distinct masks, which we verify in
Table 8. In practice, we round each IoU score IoUp,k

t to two
decimal places and only select those hypotheses with distinct
rounded values.

Overall, the integration of constrained tree memory with
uncertainty handling offers a balanced strategy that leverages
multiple segmentation hypotheses to enhance robustness to-
ward the long-term complex video and achieve more accu-
rate and reliable segmentation performance by effectively
mitigating error accumulation.

3.3. Object-aware Memory Bank Construction
In each memory pathway, we devise object-aware mem-
ory selection to retrieve frames with discriminative objects.
Meanwhile, we modulate the memory attention calculation
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Method SA-V val SA-V test LVOS v2 val
J&F J F J&F J F J&F J F

SAM2-T† 73.5 70.1 76.9 74.6 71.1 78.0 77.8 74.5 81.2
SAM2Long-T 77.0 (3.5↑) 73.2 80.7 78.7 (4.1↑) 74.6 82.7 81.4 (3.6↑) 77.7 85.0
SAM2.1-T† 75.1 71.6 78.6 76.3 72.7 79.8 81.6 77.9 85.2
SAM2.1Long-T 78.9 (3.8↑) 75.2 82.7 79.0 (2.7↑) 75.2 82.9 82.4 (0.8↑) 78.8 85.9
SAM2-S† 73.0 69.7 76.3 74.6 71.0 78.1 79.7 76.2 83.3
SAM2Long-S 77.7 (4.7↑) 73.9 81.5 78.1 (3.5↑) 74.1 82.0 83.2 (3.5↑) 79.5 86.8
SAM2.1-S† 76.9 73.5 80.3 76.9 73.3 80.5 82.1 78.6 85.6
SAM2.1Long-S 79.6 (2.7↑) 75.9 83.3 80.4 (3.5↑) 76.6 84.1 84.3 (2.2↑) 80.7 88.0
SAM2-B+† 75.4 71.9 78.8 74.6 71.2 78.1 80.2 76.8 83.6
SAM2Long-B+ 78.4 (3.0↑) 74.7 82.1 78.5 (3.9↑) 74.7 82.2 82.3 (2.1↑) 78.8 85.9
SAM2.1-B+† 78.0 74.6 81.5 77.7 74.2 81.2 83.1 79.6 86.5
SAM2.1Long-B+ 80.5 (2.5↑) 76.8 84.2 80.8 (3.1↑) 77.1 84.5 85.2 (2.1↑) 81.5 88.9
SAM2-L† 76.3 73.0 79.5 75.5 72.2 78.9 83.0 79.6 86.4
SAM2Long-L 80.8 (4.5↑) 77.1 84.5 80.8 (5.3↑) 76.8 84.7 85.4 (2.4↑) 81.8 88.7
SAM2.1-L† 78.6 75.1 82.0 79.6 76.1 83.2 84.0 80.7 87.4
SAM2.1Long-L 81.1 (2.5↑) 77.5 84.7 81.2 (1.6↑) 77.6 84.9 85.3 (1.3↑) 81.9 88.8

Table 1. Performance comparison on SA-V [50] and LVOS v2 [27] datasets between SAM 2 and SAM2Long across all model sizes. † We
report the re-produced performance of SAM 2(2.1) using its open-source code and checkpoint.

to further strengthen the model’s focus on the target objects.
Memory Frame Selection. To construct a memory bank
that provides effective object cues, we selectively choose
frames from previous time steps based on the predicted ob-
ject presence and segmentation quality. Starting from the
frame immediately before the current frame t, we iterate
backward through the prior frames i = {t− 1, t− 2, . . . , 1}
in sequence. For each frame i, we retrieve its predicted
occlusion score oi and IoU score IoUi as reference. We in-
clude frame i in the memory bank if it satisfies the following
criteria:

IoUi > δIoU and oi > 0,

where δIoU is a predefined IoU threshold. This ensures that
only frames with confidently detected objects and reasonable
segmentation masks contribute to the memory. We continue
this process until we have selected up to N frames. In
contrast to SAM 2, which directly picks the nearest N frames
as the memory entries, this selection process effectively
filters out frames where the object may be occluded, absent,
or poorly segmented, thereby providing more robust object
cues for the segmentation of the current frame.
Memory Attention Modulation. To further emphasize
more reliable memory entries during the cross-attention com-
putation, we utilize the associated occlusion score ot to mod-
ulate the contribution of each memory entry. Assuming the
memory set consists of N frames plus the initial frame, total-
ing N + 1 masks, we define a set of standard weights W std

that are linearly spaced between a lower bound wlow and an
upper bound whigh:

W std =

{
wlow +

i− 1

N
(whigh − wlow)

}N+1

i=1

.

Next, we sort the occlusion scores in ascending order to
obtain sorted indices I ′ = {Ii}N+1

i=1 such that:

oI1 ≤ oI2 ≤ · · · ≤ oIN+1
.

We then assign the standard weights to the memory entries
based on these sorted indices:

wIi = W std
i , for i = 1, 2, . . . , N + 1.

This assignment ensures that memory entries with higher
occlusion scores, which indicate object presence with higher
confidence, receive higher weights. Then, we linearly scale
the original keys Mτ with their corresponding weights:

M̃τ = wτ ·Mτ , for τ ∈ I.

Finally, the modulated memory keys M̃t = {M̃τ}τ∈I are
used in the memory module’s cross-attention mechanism to
update the current frame’s features. By using the available
occlusion scores as indicators, we effectively emphasize
memory entries with more reliable object cues.

4. Experiments
4.1. Experiments Setup
Datasets. To evaluate our method, we select nine standard
VOS benchmarks: SA-V val and test [50], LVOS v1 [26],
LVOS v2 [27], MOSE [17], VOST [54], PUMaVOS [4],
DAVIS [47], and YTVOS [63]. We report the following
metrics: J (region similarity), F (contour accuracy), and
the combined J&F . All evaluations are conducted in a semi-
supervised setting, where the first-frame mask is provided.
Details on the benchmarks are provided in the Appendix.
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Evaluation. SAM2Long is modified from the official code-
base of SAM2 and we report the re-produced performance
of SAM2 with the same official code and checkpoint. We
noticed a slight difference between the re-produced results
and the performance reported in the SAM2 paper, but for a
strictly fair comparison, we tend to report both the SAM2
and SAM2Long results under the same hardware/software
environment and settings. We set the uncertainty threshold
to δconf = 2, IoU threshold to δIoU = 0.3, modulation weight
to [wlow, whigh] = [0.95, 1.05]. We find that the performance
remains fairly robust across datasets when tuning these hy-
perparameters; thus, we use the same values to report results
for all experiments. The detailed findings are provided in the
Appendix for reference.

4.2. Main Results

SAM2Long consistently improves SAM 2 over all model
sizes and datasets. Table 1 presents an overall comparison
between SAM 2 and SAM2Long across various model sizes
on the SA-V validation and test sets, as well as the LVOS v2
validation set. In total, the table includes 8 model variations,
covering SAM 2 and the latest SAM 2.1 across four model
sizes. The average performance across 12 experiments shows
an improvement of 3.7 points in the J&F score. These
results confirm that SAM2Long consistently outperforms
the SAM 2 baseline by a large margin. For instance, for
SAM2Long-Large, achieves an improvement of 4.5 and 5.3
over SAM 2 on SA-V val and test sets.
SAM2Long outperforms previous methods. We also
compare our proposed method, SAM2Long, with various
state-of-the-art VOS methods on both the SA-V [50] and
LVOS [26, 27] datasets, as shown in Table 2 and 3. Pre-
vious methods such as STCN[12] and XMem[11] adopt
memory-based strategies to improve performance and effi-
ciency. STCN models object relations using a single affin-
ity matrix, whereas XMem maintains a three-tier hierarchi-
cal memory structure to balance accuracy and GPU usage.
While both methods focus on learning feature-based memory
representations, SAM2Long takes a different approach by
refining memory at the mask level rather than the feature
level. Our method efficiently selects the optimal sequence of
memory masks using the proposed tree structure, eliminating
the need to retrain the original memory features. As a result,
SAM2Long surpasses XMem and STCN by over 20 points
on both LVOS v2 and SA-V val, demonstrating its superior
ability to handle long-term object segmentation.
Performance gains of SAM2Long positively correlate
with video duration. The results shown in the Table 4 re-
veal a clear trend: SAM2Long tends to exhibit greater perfor-
mance gains with longer videos. Although SAM2Long per-
forms comparably to SAM 2 on shorter-duration datasets [47,
63], this aligns with the limited long-term tracking op-
portunities provided by short video sequences. However,

SAM2Long can still maintain the strong segmentation per-
formance of SAM 2.

4.3. Additional Results on VOT Benchmarks
To further evaluate the effectiveness of SAM2Long, we
also apply it to three widely used single-object tracking
benchmarks, namely LaSOT [22], LaSOText [23], and GOT-
10k [30]. Without whistles and bells, we first generate an
initial mask from the bounding box provided for the first
frame using the SAM2 Mask decoder. Subsequently, all
subsequent masks are transformed into bounding box format
by identifying the minimum and maximum coordinates of
their non-zero indices. SAM2Long achieves competitive
performance with state-of-the-art VOT methods and SAM
2 baseline, demonstrating its strong generalization ability
across various tracking scenarios.

4.4. Ablation Study
We perform a series of ablation studies on the validation
subsets of the SA-V and LVOS v2 datasets, utilizing SAM2-
Large as the default model size.
Number of Memory Pathways P . We ablate the number of
memory pathways to assess their impact on SAM2Long in
Table 6. Note that setting P = 1 reverts to the SAM 2 base-
line. Increasing the number of memory pathways to P = 2
yields a notable improvement, raising the J&F score to
80.1. This result demonstrates that the proposed memory
tree effectively boosts the model’s ability to track the correct
object while reducing the impact of occlusion. Further in-
creasing the number of memory pathways to P = 3 achieves
the best performance. However, using P = 4 shows no
additional gains, suggesting that three pathways strike the
optimal balance between accuracy and computational effi-
ciency for the SAM 2 model.

In terms of speed, maintaining a fixed number of memory
pathways at each time step ensures efficiency. Using three
pathways incurs only a 14% FPS slowdown, an 8% increase
in GFlops, and a 4% rise in memory usage, while boosting
performance by 4.5 points on SA-V and 2.4 points on LVOS.
Memory Frame Selection. Building on IoU-based memory
frame selection, we incorporate two additional mechanisms:
temporal and spatial selection. The temporal method applies
a time decay factor to the IoU score, prioritizing frames
closer in time to the current frame. The spatial method
integrates frame-wise feature similarity into the IoU score,
favoring frames with similar spatial contexts. However, as
shown in Table 7, neither approach enhances performance,
showing that IoU filtering remains the key factor.
Rounding Predicted IoU on Mask Diversity. To evaluate
the impact of rounding predicted IoU in selecting diverse
masks, we compute the actual IoU between candidate masks
chosen based on rounded predicted IoU. As shown in Table 8,
rounding to two decimal places significantly reduces the ac-
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Method SA-V val SA-V test
J&F J F J&F J F

SwinB-DeAOT [65] 61.4 56.6 66.2 61.8 57.2 66.3
DEVA [13] 55.4 51.5 59.2 56.2 52.4 60.1
Cutie-base+ [14] 61.3 58.3 64.4 62.8 59.8 65.8
STCN [12] 61.0 57.4 64.5 62.5 59.0 66.0
XMem [11] 60.1 56.3 63.9 62.3 58.9 65.8
SAM 2 [50] 76.1 72.9 79.2 76.0 72.6 79.3
SAM2Long (ours) 80.8 74.7 84.7 80.8 76.8 84.7
SAM 2.1† [50] 78.6 75.1 82.0 79.6 76.1 83.2
SAM2.1Long (ours) 81.1 77.5 84.7 81.2 77.6 84.9

Table 2. Performance comparison with the-state-of-the-arts methods on SA-V dataset.

Method LVOS v1 LVOS v2
J&F J F J&F Js Fs Ju Fu

LWL [5] 56.4 51.8 60.9 60.6 58.0 64.3 57.2 62.9
RDE [34] 53.7 48.3 59.2 62.2 56.7 64.1 60.8 67.2
STCN [12] 48.9 43.9 54.0 60.6 57.2 64.0 57.5 63.8
XMem [11] 52.9 48.1 57.7 64.5 62.6 69.1 60.6 65.6
DDMemory [26] 60.7 55.0 66.3 - - - - -
SAM 2 [50] 77.9 73.1 82.7 79.8 80.0 86.6 71.6 81.1
SAM2Long (ours) 81.3 76.4 86.2 84.2 82.3 89.2 79.1 86.2
SAM 2.1† [50] 80.2 75.4 84.9 84.1 80.7 87.4 80.6 87.7
SAM2.1Long (ours) 83.4 78.4 88.5 85.9 81.7 88.6 83.0 90.5

Table 3. Performance comparison with state-of-the-art methods on validation set of LVOS dataset. Subscript s and u denote scores in seen
and unseen categories. Unlike the results presented in Table 1, we use the evaluation code from the LVOS official repository.

G
T

SA
M

2L
on

g
SA

M
 2

Fa
ilu

re
 C

as
e

Figure 3. Qualitative comparison between SAM 2 and SAM2Long, with GT (Ground Truth) provided for reference. The last row shows a
failure case. Best viewed when zoomed in.
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Dataset Duration SAM 2.1† SAM2.1Long
seconds J&F J&F

LVOS v1 [26] 95.4 80.2 83.4 (3.2↑)
LVOS v2 [27] 68.4 84.1 85.9 (1.8↑)
SA-V val [50] 13.8 78.6 81.1 (2.5↑)
SA-V test [50] 13.8 79.6 81.2 (1.6↑)
PUMaVOS [4] 28.7 81.1 82.4 (1.2↑)
VOST [54] 21 53.1 54.0 (0.9↑)
MOSE [17] 12.4 74.5 75.2 (0.7↑)
YTVOS [63] 4.5 88.7 88.8 (0.1↑)
DAVIS-17 [47] 1.8 90.1 90.2 (0.1↑)

Table 4. The performance comparisons between SAM 2 and
SAM2Long on other VOS benchmarks. We list the average dura-
tion for each benchmark. All experiments use SAM2.1-L model.

Dataset LaSoT LaSoText GoT10k

KeepTrack [41] 67.1 48.2 -
TOMP [42] 68.5 - -
DropTrack [60] 71.8 52.7 75.9
SeqTrack [9] 72.5 50.7 74.8
MixFormer [16] 70.1 - 71.2
GRM-256 [24] 69.9 - 73.4
ROMTrack [8] 71.4 51.3 74.2
OSTrack [69] 71.1 50.5 73.7
DiffusionTrack [39] 72.3 - 74.7
ODTrack [72] 74.0 53.9 78.2
LORAT [38] 75.1 56.6 78.2

SAM 2 [50] 70.0 56.9 80.7
SAM2Long (ours) 73.9 60.9 81.1

Table 5. Performance comparison with state-of-the-art VOT meth-
ods on LaSoT, LaSoText, and GOT-10k benchmarks. The results
are reported in terms of AUC (Area Under the success rate Curve)
for LaSoT and LaSoText, and AO (Average Overlap) for GOT-10k.

P SA-V LVOS FPS GFlops Memory
1 76.3 83.0 22 844.1 5.1GB
2 80.1 85.0 21 878.2 5.2GB
3 80.8 85.4 19 912.3 5.3GB
4 80.7 85.2 17 946.4 5.4GB

Table 6. Ablation study on number of pathways P . We report
J&F performance along with FPS, computational cost (GFlops),
and memory usage. Throughput and memory consumption are
measured on a RTX 3090 GPU with 24 GB of memory.

tual IoU, highlighting increased variation among candidates.
This enhanced diversity benefits our tree search strategy and
improves performance in handling uncertain cases.

4.5. Qualitative Comparison
We present a qualitative comparison between SAM 2 and
SAM2Long in Figure 3. As illustrated in Figure 3, SAM 2

Memory Selection SA-V LVOS
Only by IoU 80.8 85.4
w. temporal 80.4 85.2
w. spatial 80.7 84.8

Table 7. Ablation study on memory frame selection methods. We
compare the standard IoU-based selection with additional temporal
and spatial selection mechanisms.

Rounding SA-V LVOS actual pairwise IoU
✓ 80.8 85.4 51.4
✕ 80.4 84.4 84.5

Table 8. Ablation study on rounding predicted IoU.

successfully tracks the correct person in a group of dancing
people. However, when occlusion occurs, SAM 2 mistak-
enly switches to tracking a different, misleading individual.
In contrast, SAM2Long handles this ambiguity effectively.
Even during the occlusion, SAM2Long manages to resist
the tracking error and correctly resumes tracking the orig-
inal dancer when she reappears. We also present a failure
case. When the video features dynamic background changes
and distracting elements, SAM2Long struggles to maintain
accurate tracking. The model either mistakenly tracks the
wrong shirt or completely loses the target. We attribute this
to SAM 2’s over-reliance on fine-grained visual details and
its lack of semantic understanding.

5. Conclusion
In this paper, we introduce SAM2Long, a training-free en-
hancement to SAM 2 that alleviates its limitations in long-
term video object segmentation. By employing a constrained
tree memory structure with object-aware memory modula-
tion, SAM2Long effectively mitigates error accumulation
and improves robustness against occlusions, resulting in a
more reliable segmentation process over extended periods.
Extensive evaluations on six VOS benchmarks demonstrate
that SAM2Long consistently outperforms SAM 2, especially
in complex video scenarios. Notably, SAM2Long achieves
up to a 5-point improvement in J&F scores on challenging
long-term video benchmarks such SA-V and LVOS.
Limitations. While SAM2Long is effective, it has a few lim-
itations. First, its performance is constrained by the inherent
capacity of SAM2, as no learnable parameters are modified,
restricting its optimization potential. Second, the method
primarily focuses on single-object tracking rather than care-
fully designed multi-object scenarios. Researching specific
multi-object techniques will be a promising future direction.
However, our experiments demonstrate that SAM2Long al-
ready performs exceptionally well in both single-object and
multi-object cases. We list the comparison in the Appendix.
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