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ABSTRACT

Visual Object Tracking (VOT) is widely used in applications like autonomous
driving to continuously track targets in videos. Existing methods can be roughly
categorized into template matching and autoregressive methods, where the for-
mer usually neglects the temporal dependencies across frames and the latter tends
to get biased towards the object categories during training, showing weak gen-
eralizability to unseen classes. To address these issues, some methods propose
to adapt the video foundation model SAM2 for VOT, where the tracking results
of each frame would be encoded as memory for conditioning the rest of frames
in an autoregressive manner. Nevertheless, existing methods fail to overcome
the challenges of object occlusions and distractions, and do not have any mea-
sures to intercept the propagation of tracking errors. To tackle them, we present a
SAMITE model, built upon SAM2 with additional modules, including: (1) Proto-
typical Memory Bank: We propose to quantify the feature-wise and position-wise
correctness of each frame’s tracking results, and select the best frames to condition
subsequent frames. As the features of occluded and distracting objects are feature-
wise and position-wise inaccurate, their scores would naturally be lower and thus
can be filtered to intercept error propagation; (2) Positional Prompt Generator: To
further reduce the impacts of distractors, we propose to generate positional mask
prompts to provide explicit positional clues for the target, leading to more accurate
tracking. Extensive experiments have been conducted on six benchmarks, show-
ing the superiority of SAMITE. The code will be released upon paper acceptance.

1 INTRODUCTION

Visual Object Tracking (VOT) (Bertinetto et al., 2016; Chen et al., 2021; Li et al., 2019; Wu et al.,
2013) constitutes a fundamental challenge in computer vision, aiming to continuously locate an
arbitrary target in video sequences based on its initial state (e.g., bounding box). As a critical
enabler for applications ranging from autonomous driving (Ettinger et al., 2021; Leon & Gavrilescu,
2021) to surveillance systems (Hsieh et al., 2006; Fuentes & Velastin, 2006), VOT requires robust
mechanisms to handle dynamic scenarios where targets undergo appearance variations, occlusions,
scale changes, and environmental distractions.

Mainstream VOT methods can be roughly divided into template matching methods (Ye et al., 2022;
Cui et al., 2022; Gao et al., 2022; Hong et al., 2024) and autoregressive methods (Chen et al., 2023;
Wei et al., 2023; Bai et al., 2024; Shi et al., 2024). The first type usually takes the first frame, with
ground truth (GT), as the template to match the target objects in other search frames, regardless
of the temporal information. Instead, autoregressive methods condition the current frame with the
coordinates of predicted objects in previous frames to capture temporal dependencies. However,
they may get biased towards the object categories appearing in training data (Zhou et al., 2024),
showing weak generalizability.

To address this, a few recent advances (Yang et al., 2024; Videnovic et al., 2024) propose to lever-
age the robust video foundation model SAM2 (Ravi et al., 2024) for VOT. SAM2 is a promptable
memory-based video segmentation model, where the predicted object in each frame would be en-
coded as memory, further used to condition subsequent frames. By default, the memories of the
first prompted frame and 6 most recent frames are selected to predict 3 masks (with different con-
fidences) for the current frame, where the one with the highest confidence is taken as the current
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(a) Occlusion Case Feature-wise Inaccurate

Features of the object become incomplete
(b) Distraction Case Position-wise Inaccurate

Sudden change of spatial positions is against the physical rule

Figure 1: Two failure cases of occlusion and distraction. (a) The occluded frames shall not be
selected to condition subsequent frames, as the tracking target may be reduced from the train carriage
to louver; (b) The spatial positions of target objects in adjacent frames should be close.

prediction. Nevertheless, such mechanism cannot overcome the challenges of occlusions (Yang
et al., 2024) and distractions (Videnovic et al., 2024). Therefore, SAMURAI (Yang et al., 2024)
utilizes SAM2’s intrinsic occlusion prediction head to estimate the likelihood of occlusion to filter
memories and additionally maintains a Kalman Filter (Kalman, 1960) to preserve memories with
good motions. In addition, SAM2.1++ (Videnovic et al., 2024) proposes to quantify the gaps be-
tween 3 predicted masks for each frame, where a large gap exhibits the existence of distracting
objects, and this frame will be excluded from selection.

As shown in Figure 1, occlusion and distraction issues have not been well resolved, and existing
methods (Yang et al., 2024; Videnovic et al., 2024) could hardly intercept error propagation, leading
to long-term wrong tracking. In Figure 1(a), we observe that the occlusion likelihoods estimated
by SAMURAI remain high when the target objects are occluded but not completely. As a result,
memories with occlusions would still be used to condition subsequent frames, despite the fact that
these target features are incomplete, i.e., feature-wise inaccurate, leading to ambiguous tracking
targets, e.g., from train carriage to louver. In Figure 1(b), despite SAM2.1++ trying to resolve the
distraction issue, the 3 masks generated for each frame usually locate the same object, i.e., the
mechanism designed to detect distraction appears to be fragile. For example, the masks predicted
for the middle frame uniformly locate the left basketball, so SAM2.1++ would not regard it as a
distraction case, i.e., the memory of this frame would be used for subsequent frames, propagating
the position-wise inaccurate information.

To alleviate the negative impacts of occlusions and distractions, we design a zero-shot SAMITE
model, which is built upon SAM2 and includes: (1) Prototypical Memory Bank: We extend the
memory banks (Ravi et al., 2024; Yang et al., 2024; Videnovic et al., 2024) by additionally ex-
tracting and storing a one-pixel prototype for each frame, representing the global descriptions of
the predicted object. When selecting memories for the current frame, we first identify a feature-
wise anchor (a frame with accurate prediction) and a position-wise anchor (a frame whose target
is nearby to the current). Then, we regard other processed frames as candidates and measure 2
prototype-wise similarity scores between each candidate and the anchors. Finally, the frames with
the best scores would be selected to condition the current frame. As a result, the errors raised by
occlusions and distractions can be intercepted from long-term propagation; (2) Positional Prompt
Generator: To further mitigate the distraction issue, we propose to use SAM2’s promptable abil-
ity by generating explicit positional clues for the target object. Specifically, we follow AENet (Xu
et al., 2024) to generate a prior mask to locate all objects with the same class as the target. After that,
positional information is introduced to activate the target object while suppressing other distractors
in the prior mask. Finally, the rectified prior mask is used as pseudo mask prompt to inform the
model with the position of the target object, leading to more stable tracking.

To the best of our knowledge, we are the first to identify the error propagation issue raised by oc-
clusions and distractions, when deploying SAM2 for VOT. To intercept the propagation, we design
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a Prototypical Memory Bank to quantify the correctness of each predicted object, in terms of both
feature and position, so as to excluding the errors from conditioning subsequent frames. Besides, we
design Positional Prompt Generator to explicitly introduce some positional clues about the target
object, mitigating the issue of distractions. Extensive experiments have been conducted on 6 bench-
marks LaSOT, LaSOText, GOT-10k, TrackingNet, NFS and OTB, demonstrating the superiority of
the proposed methodology. Notably, our Pnorm score on LaSOText is 3.6%+ better than others.

2 RELATED WORK

Visual Object Tracking (VOT). Recent advancements primarily divide VOT methods into template
matching (Bertinetto et al., 2016; Li et al., 2019; Chen et al., 2021; Yan et al., 2021a; Ye et al., 2022;
Cui et al., 2022; Chen et al., 2020; Zhang et al., 2020; Guo et al., 2021; Xie et al., 2022; Danelljan
et al., 2019; Yan et al., 2021b; Xu et al., 2020; Guo et al., 2020; Voigtlaender et al., 2020; Li et al.,
2018; Mayer et al., 2021; Zhou et al., 2024) and autoregressive methods (Chen et al., 2023; Bai et al.,
2024; Wei et al., 2023; Xie et al., 2024; Shi et al., 2024). Template matching methods mainly adopt
a four-stage process: (1) The frame to be tracked is regarded as the search frame, and a template
frame is offline matched for reference; (2) Extract features for two frames; (3) Match the features
of the search frame with those of the template frame to activate the features of target; (4) Forward
the activated features to the bounding box prediction head to obtain tracking results. However, the
template-search matching belongs to one-to-one matching, making it challenging to capture tempo-
ral dependencies. Instead, autoregressive methods follow the sequential token prediction paradigm
of language tasks, where the tracking results (e.g., the predicted coordinates) of the previous frame
are utilized in the current frame in an autoregressive manner. In this way, the temporal dynamics
can be well captured, while these methods show weak generalizability (Zhou et al., 2024) to unseen
object categories (i.e., categories do not appear during training). Hence, we aim to leverage the well
learned knowledge of video foundation models to address it.

SAM2-based VOT. Segment Anything Model (SAM) (Kirillov et al., 2023) has shown remarkable
image segmentation ability, which supports prompts like points, bounding boxes and masks to seg-
ment relevant objects. Later, SAM2 (Ravi et al., 2024) has extended SAM by enabling promptable
memory-based video object segmentation (VOS), which involves the selection of memories from
tracked frames to condition the current frame, and has achieved good results in both VOS (Ding
et al., 2024; Yang et al., 2025) and VOT (Yang et al., 2024; Videnovic et al., 2024). By default, the
memories of the first prompted frames and 6 most recent frames are selected, regardless of chal-
lenges like object occlusions and distractions. To address them, some concurrent researches have
introduced motion-based (Yang et al., 2024) and distractor-aware memory banks (Videnovic et al.,
2024), with corresponding memory selection strategies. Nevertheless, the challenges have not been
resolved, and once errors occur, these methods would fail to intercept error propagation, serving as
the main motivation of this paper.

3 METHODOLOGY

3.1 REVISIT SAM2

SAM2 (Ravi et al., 2024) is a memory-based foundation model for segmenting objects in videos,
which can naturally be adapted for VOT by simply converting the predicted binary masks to bound-
ing boxes, and an illustration is provided in Appendix E.1. Some details are explained below.

Memory Bank, Memory Attention and Memory Encoder. After extracting the features of a
frame, SAM2 would select the memories of the first frame (with GT) and 6 most recent frames from
the Memory Bank, and use Memory Attention to condition the target object in features, which are
decoded by Mask Decoder to obtain mask predictions. Memory Encoder will encode the features
and the predicted mask as memory, representing the target object’s information in current frame.
This memory will be added to the Memory Bank for conditioning subsequent frames.

Prompt Encoder and Mask Decoder. SAM2 supports sparse (points, bounding boxes) and dense
(masks) prompts to identify target objects. Prompt Encoder will represent the sparse prompts as the
sum of both positional and learned encodings for each type, while the dense prompts are embedded
by convolutions, further summed with image features to activate the target objects. The Mask De-
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Figure 2: Overview of SAMITE, which is built upon SAM2, including: (1) Prototypical Memory
Bank (PMB) is responsible for selecting calibrated memories with accurate and nearby target
objects; (2) Positional Prompt Generator (PPG) generates pseudo mask prompt that can activates
the target object, while suppressing other distracting objects, acting as positional clues.

coder deploys a two-way transformer to decode either non-conditioned yet prompted features (for
the first frame) or the memory-conditioned yet unprompted features (for other frames). SAM2 uses
multi-head branches (Yang et al., 2024) to generate multiple masks with corresponding confidences,
where the one with the highest confidence will be the final prediction.

3.2 SAMITE

As shown in Figure 2, we build SAMITE upon SAM2 to tackle the aforementioned issues.

Initialize Tracking with Prompt. The first frame I1 is forwarded to Image Encoder to extract its
features F1, which are directly decoded by Mask Decoder with GT bounding box prompt. The pre-
dicted mask M̂1 and image features F1 are processed by Prototype and Memory Extraction module
to obtain the corresponding foreground (FG) prototype PFG

1 , background (BG) prototype PBG
1 , and

memory Mem1, which are added to Prototypical Memory Bank (PMB) (Section 3.2.1).

Memory-conditioned Tracking. Any other frames t is uniformly forwarded to Image Encoder to
extract features Ft. Then, we select 7 memories and prototypes from PMB, containing accurate and
nearby target. Ft are fused with the selected memories as F̂t, activating the target object. Besides,
Positional Prompt Generator (PPG) (Section 3.2.2) is deployed to generate positional mask prompt
M̃t, based on the selected prototypes. Next, features F̂t and prompt M̃t are decoded into mask
prediction M̂t. Finally, the FG and BG prototypes PFG

t and PBG
t , as well as the memory Memt,

of the current frames would be extracted and updated to PMB, used to condition subsequent frames.

3.2.1 PROTOTYPICAL MEMORY BANK (PMB)

The details of PMB are included in Figure 2, which are formally described as follows.

Prototype and Memory Extraction. After obtaining the mask prediction M̂t ∈ {0, 1}H×W×1

of current frame t, we first use SAM2’s Memory Encoder to encode the current features Ft ∈
RH×W×C into memory Memt ∈ RH×W×C , where H , W and C represent the height, width
and hidden dimension of features. Then, we compress the features Ft into FG and BG prototypes
PFG
t ∈ R1×C and PBG

t ∈ R1×C via global average pooling, representing global descriptions of
FG (target object) and BG (other objects), respectively. The obtained memory and prototypes will
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be offloaded from GPU to CPU and updated to PMB. This procedure can be written as:

Memt = MemoryEncoder(Ft, M̂t) (1)

PFG
t = GAP(Ft, M̂t), P

BG
t = GAP(Ft, 1− M̂t) (2)

PMB = AddMemory(PMB,Memt, P
FG
t , PBG

t ) (3)

Memory Calibration. To intercept error propagation, we propose to score and sort each frame,
then select the most appropriate ones for robust memory conditioning. Since the first frame has
been prompted by GT, its memory would be accurate. Besides, videos usually have 30 frames per
second (FPS), the target object in last frame t − 1 is naturally nearby to that in current frame t.
Therefore, we regard their FG prototypes PFG

1 ∈ R1×C (frame 1) and PFG
t−1 ∈ R1×C (frame t− 1)

as the feature-wise anchor and the position-wise anchor, and their corresponding memories are
uniformly taken as 2 out of 7 selected memories. For each of other previous frames τ (2 ≤ τ ≤ t−2),
2 cosine similarities are measured between its FG prototype PFG

τ and 2 anchors as follows.

SFeat
τ = Reshape(Norm(Cos(PFG

τ , PFG
1 ))), SPos

τ = Reshape(Norm(Cos(PFG
τ , PFG

t−1))) (4)

Sτ = (1− α) · SFeat
τ + α · SPos

τ (5)
where SFeat

τ ∈ [0, 1]1 stands for the feature-wise score of frame τ , Norm(·) means normalizing the
similarity scores to value range [0, 1], Cos(·) is the cosine similarity operator, SPos

τ ∈ [0, 1]1 is the
position-wise score, and Sτ ∈ [0, 1]1 is the final score re-weighted by hyperparameter α (empirically
set to 0.3 in our experiments, please refer to Appendix D.4 for the parameter study of α).

Ind = Top5(SC) (6)

PFG, PBG,Mem = SelectMemory(PMB, Ind) (7)

where Ind denotes the indices of selected frames, Top5(·) means sorting and taking the top 5 scores,
C forms the set of candidate frames. The calibrated memories Mem ∈ R7×H×W×C , including 2
anchor and 5 selected frames’ memories, are used in Memory Attention to condition features as F̂t,
while the corresponding prototypes PFG ∈ R7×C and PBG ∈ R7×C are used in Section 3.2.2 to
generate positional mask prompt. The visual impacts of this process are detailed in Appendix E.2.

Reduced Candidate Set. The candidate set C includes frame 2 to t − 2 by default, so the com-
putational cost of Eq. 4 would be quite large when dealing with long videos, e.g., the candidate
set C of current frame 10001 will include 10,000 candidates and the cost of each cosine similarity
is 10000 × 1. Fortunately, we observe it sufficient to only consider recent frames (e.g., frame
t−m to frame t−2) as candidates, the rationalities comprise: (1) When a video contains a moving
target, the spatial positions of the target are likely to be different between earlier and more recent
frames; (2) As the moving of objects is continuous and the positions of objects usually cannot be
greatly changed within a short period, we empirically set m = 30 to select candidate frames, greatly
reducing the computational complexity. The parameter study of m is included in Appendix D.4.

Computational Complexity. The computational burden is mainly introduced by Eq. 4, where sim-
ilarities are measured among prototypes. The cost is O(2m) for each frame, where m = 30 is the
predefined candidate number, so the cost appears to be quite cheap.

3.2.2 POSITIONAL PROMPT GENERATOR (PPG)

As shown in Figure 3, PPG is designed to generate position-enhanced prior masks, further used as
pseudo mask prompt to distinguish the target object from distracting object (e.g., other visually-
similar birds in the figure). This module is formally described as follows.

Positional Prior Mask. Inspired by prior masks (Tian et al., 2020; Xu et al., 2024) that can roughly
locate the same-class objects in one image, we follow AENet (Xu et al., 2024) to generate discrimi-
native prior masks, and introduce positional information to rectify them. Firstly, cosine similarities
are measured between current frame’s features Ft ∈ RH×W×C and FG and BG prototypes PFG

τ
and PBG

τ , where τ denotes each of the 7 selected frames (in Section 3.2.1).

M̃FG
τ = Reshape(Norm(Cos(Ft, P

FG
τ ))), M̃BG

τ = Reshape(Norm(Cos(Ft, P
BG
τ ))) (8)

M̃Disc
τ = Norm(ReLU(M̃FG

τ − M̃BG
τ )) (9)
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Figure 3: Details about Positional Prompt Generator (PPG). Take bird-15 of LaSOT as an exam-
ple, where frame #501 is the current frame, and frame #471 is one of the selected frames.

where M̃FG
τ ∈ [0, 1]H×W×1 and M̃BG

τ ∈ [0, 1]H×W×1 show the probability of each pixel being
considered as FG (target objects) or BG (other objects), respectively. M̃Disc

τ ∈ [0, 1]H×W×1 means
whether a pixel is more likely to be FG rather than BG.

As we can observe from the figure, M̃Disc can effectively locate the same-class objects, yet more
than just the target. Therefore, we aim to introduce extra positional information to preserve the
target object and suppress distracting objects. Specifically, we generate 2D positional encod-
ings (Wang & Liu, 2019) Epos ∈ [0, 1]H×W×C for features Ft. As the target object in current frame
t is naturally close to that in last frame t− 1, we take mask prediction M̂t−1 to obtain the positional
prototype PPos

t−1 ∈ R1×C , further utilized to generate positional prior mask M̃Pos
t−1 as follows.

EPos = PE(Ft), P
Pos
t−1 = GAP(EPos, M̂t−1) (10)

M̃Pos
t−1 = Reshape(Norm(Cos(EPos, PPos

t−1 ))) (11)

We can observe that the target object is less likely to appear in distant positions. Finally, we use the
positional prior mask to re-weight the discriminative prior mask, which is then normalized to be the
positional mask prompt M̃τ ∈ RH×W×1, generated by previous frame τ . Kindly note that each of
the selected frames will generate a positional mask prompt, and we simply average them to be the
final prompt for current frame. Some visualizations are included in Section 4.3 and Appendix E.3.

M̃τ = Norm(M̃Disc
τ · M̃Pos

t−1 ) (12)

M̃t = Avg(M̃τ ), τ ∈ C (13)

The generated pseudo mask prompt is then encoded by Memory Encoder and forwarded to Mask
Decoder to segment the memory-conditioned features F̂t as M̂t.

Cycle-Consistent Checking. As mask prompts are generated solely based on similarities, they are
never as accurate as the unavailable GTs. We observe in cases like severe motion blurs, the prompts
are likely to be inaccurate. Therefore, we further presents a checking mechanism to determine if the
generated prompt should be used for current frame or not. Thanks to the lightweight computations of
Mask Decoder, we expand the batch dimension of the memory-conditioned features, and parallelly
decode them into 2 mask predictions (with and without prompt). Then, we generate prototypes for
the current frame, and use Eq. 8 to Eq. 12 to reversely generate prompts for each selected mem-
ory. Finally, they are binarized and measured mean intersection-over-union (mIoU) with the mask
prediction of each memory. Each frame would be prompted, only if the averaged mIoU exceeds β.
The parameter study of β is included in Appendix D.4.

Computational Complexity. The complexity is raised by Eq. 8 and Eq. 11, where the former would
be repeated 7 times (7 memories), and the latter is conducted only once. They will be used in both
Positional Prior Mask and Cycle-Consistent Checking, therefore, the overall cost is O(2× (7+1)×
H ×W ) = 16HW for each frame, where 16 ≪ HW , exhibiting linear complexity.
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Table 1: Quantitative comparisons with state-of-the-arts on LaSOT, LaSOText and GOT-10k.
”#Param” is the parameter number in million. The methods are sorted based on AUC of LaSOT.
Bold values denote the best performance. Underlined results indicate the second best.

Trackers Source #Param LaSOT LaSOText GOT-10k
AUC Pnorm P AUC Pnorm P AO SR0.5 SR0.75

Supervised VOT methods
DiMP-50288 (Bhat et al., 2019) ICCV’19 46 56.9 65.0 - - - - 61.1 71.7 49.2
AutoMatch255 (Zhang et al., 2021) ICCV’21 24 58.2 67.5 59.9 37.6 - 43.0 65.2 76.6 54.3
PrDiMP50288 (Danelljan et al., 2020) CVPR’20 43 59.8 68.8 - - - - 63.4 73.8 54.3
TransT256 (Chen et al., 2021) CVPR’21 23 64.9 73.8 69.0 - - - 67.1 76.8 60.9
STARK-101320 (Yan et al., 2021a) ICCV’21 47 67.1 76.9 72.2 - - - 68.8 78.1 64.1
AiATrack (Gao et al., 2022) ECCV’22 18 69.0 79.4 73.8 47.7 55.6 55.4 69.6 80.0 63.2
MixFormer320 (Cui et al., 2022) CVPR’22 37 69.2 78.7 74.7 - - - - - -
GRM256 (Gao et al., 2023) CVPR’23 100 69.9 79.3 75.8 - - - 73.4 82.9 70.4
OSTrack384 (Ye et al., 2022) ECCV’22 93 71.1 81.1 77.6 50.5 61.3 57.6 73.7 83.2 70.8
SwinTrack-B384 (Lin et al., 2022) NIPS’22 91 71.3 - 76.5 49.1 - 55.6 72.4 80.5 67.8
ROMTrack384 (Cai et al., 2023) ICCV’23 92 71.4 81.4 78.2 51.3 62.4 58.6 74.2 84.3 72.4
SeqTrack-B384 (Chen et al., 2023) CVPR’23 89 71.5 81.1 77.8 50.5 61.6 57.5 74.5 84.3 71.4
LoRAT-B378 (Lin et al., 2024) ECCV’24 99 72.4 81.8 79.1 52.9 64.5 60.6 73.7 82.6 72.9
EVPTrack384 (Shi et al., 2024) AAAI’24 73 72.7 82.9 80.3 53.7 65.5 61.9 76.6 86.7 73.9
HIPTrack384 (Cai et al., 2024) CVPR’24 120 72.7 82.9 79.5 53.0 64.3 60.6 77.4 88.0 74.5
AQATrack384 (Xie et al., 2024) CVPR’24 72 72.7 82.9 80.2 52.7 64.2 60.8 76.0 85.2 74.9
ARTrackV2384 (Bai et al., 2024) CVPR’24 135 73.0 82.0 79.6 52.9 63.4 59.1 77.5 86.0 75.5
ODTrack-B384 (Zheng et al., 2024) AAAI’24 93 73.2 83.2 80.6 52.4 63.9 60.1 77.0 87.9 75.1

Zero-shot SAM2-based methods
SAM2.1-B (Ravi et al., 2024) ICLR’25 81 66.0 73.5 71.0 55.5 67.2 64.6 77.9 88.6 71.5
SAMURAI-B (Yang et al., 2024) Arxiv’24 81 70.7 78.7 76.2 57.5 69.3 67.1 79.6 90.8 72.9
SAM2.1++-B (Videnovic et al., 2024) CVPR’25 81 72.9 81.0 78.7 58.5 69.5 69.0 78.1 88.5 70.9
SAMITE-B Ours 81 74.9 83.4 81.4 60.7 73.1 71.2 78.9 89.9 72.5

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We follow SAMURAI (Yang et al., 2024) to verify the zero-shot performance of SAMITE
on 6 benchmarks, including LaSOT (Fan et al., 2019) (280 videos, 2448 frames in average, 30 FPS),
LaSOText (Fan et al., 2021) (150 videos, 2393 frames in average, 30 FPS), GOT-10k (Huang et al.,
2019) (180 videos, 126 frames in average, 10 FPS), TrackingNet (Muller et al., 2018) (511 videos,
441 frames in average, 30 FPS), NFS (Kiani Galoogahi et al., 2017) (100 videos, 480 frames in
average, 30 FPS) and OTB (Wu et al., 2015) (100 videos, 598 frames in average, 30 FPS). These
datasets contain videos with various categories, different length for long or short-term tracking, and
diverse challenges like occlusions or fast-moving objects, facilitating comprehensive evaluation for
VOT. Please refer to Appendix C for more details about these datasets.

Evaluation Metrics. Following existing methods (Yang et al., 2024), Area Under the Curve (AUC),
Normalized Precision (Pnorm) and Precision (P) are deployed to evaluate the performance on La-
SOT, LaSOText. Average Overlap (AO) and Success Rate (SR0.5 and SR0.75) are used to evaluate
GOT-10k. Only AUC is utilized to evaluate TrackingNet, NFS and OTB.

4.2 COMPARISONS WITH STATE-OF-THE-ARTS

Quantitative Results. The quantitative comparisons between SAMITE and state-of-the-arts are
presented in Table 1 (for LaSOT, LaSOText and GOT-10k) and Table 2 (for TrackingNet, NFS and
OTB), and we would like to make the following notes: (1) Since VOT is a task requiring real-time
inference, we select the best version of each method whose parameter number does not exceed 150
million for fair comparisons; (2) The methods can be roughly divided into 2 categories, including
supervised VOT methods and zero-shot SAM2-based methods, where the latter uniformly deploys
robust SAM2, trained on the video object segmentation (VOS) (Caelles et al., 2017) task, to directly
perform testing for VOT; (3) LaSOText and GOT-10k are 2 challenging datasets where the training
and testing object categories do not overlap, i.e., the case is out-domain testing.

We can observe from the tables that: (1) Though SAMITE has not been trained on VOT datasets,
it can achieve the best performance in most situations, e.g., the AUC score on LaSOT is 1.7%
and 2% better than the best VOT method ODTrack (74.9% v.s. 73.2%) and SAM2-based method
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Table 2: Quantitative comparisons with state-of-the-
arts on TrackingNet (TN), NFS and OTB.

Trackers Source TN NFS OTB
Supervised VOT methods

AiATrack (Gao et al., 2022) ECCV’22 82.7 67.9 69.6
OSTrack384 (Ye et al., 2022) ECCV’22 83.9 66.5 55.9
SeqTrack-B384 (Chen et al., 2023) CVPR’23 83.9 66.7 -
GRM256 (Gao et al., 2023) CVPR’23 84.0 65.6 -
ROMTrack384 (Cai et al., 2023) ICCV’23 84.1 68.8 70.9
LoRAT-B378 (Lin et al., 2024) ECCV’24 84.2 68.3 70.9
HIPTrack384 (Cai et al., 2024) CVPR’24 84.5 68.1 71.0

Zero-shot SAM2-based methods
SAM2.1-B (Ravi et al., 2024) ICLR’25 80.7 69.0 59.9
SAMITE-B Ours 84.5 69.2 69.9

Table 3: Component-wise Ablation Study.
”A” refer to 2 anchors. ”PPM” is Positional
Prior Mask, and ”CCC” is Cycle Consistent
Checking.

PMB PPG LaSOT
AFeat APos PPM CCC AUC Pnorm P

72.1 80.1 77.8
✓ 73.7 82.0 79.9

✓ 73.7 81.9 79.7
✓ ✓ 74.6 82.9 80.9

✓ 71.9 78.5 76.8
✓ ✓ 73.2 81.6 79.2

✓ ✓ ✓ ✓ 74.9 83.4 81.4

SAM2.1++-B SAMITE-B GT

#1057 #1063 #1372 #1710#1036

#258 #298 #364 #500#254

#469 #840 #1170 #1561#5

#890 #935#800 #840#745

#1800

#600

#1950

#865

Figure 4: Qualitative comparisons with SAM2.1++ (Videnovic et al., 2024).

SAM2.1++ (74.9% v.s. 72.9%), respectively. Notably, for LaSOText dataset, our Pnorm score is
7.6% and 3.6% better than EVPTrack (73.1% v.s. 65.5%) and SAM2.1++ (73.1% v.s. 69.5%),
demonstrating the effectiveness of our module designs; (2) In LaSOText and GOT-10k datasets
where the testing object categories are unseen during training, there exists a prominent performance
gap between VOT and SAM2-based methods, validating the rationality of introducing SAM2 for
VOT (in Section 1). For example, their best AUC scores are 53.7% and 60.7% in LaSOText.

Qualitative Results. We visually compare SAMITE with one of the best baselines SAM2.1++ (Vi-
denovic et al., 2024), and present 4 examples in Figure 4: (1) A hand picks up the rightmost coin
(distractor) and moves to the left, during which the middle coin (target) is occluded for a while, and
SAM2.1++ fails to continuously focus on the target; (2) The crab looks similar to the surroundings
(distractor), thus, SAM2.1++ mistakenly considers its legs as non-target at an early stage; (3) Our
SAMITE is more discriminative than SAM2.1++, as it can distinguish different parts of the guitar
in the third row; (4) When the horse moves outside the screen and then re-enters, SAM2.1++ fails
to re-recognize the horse as the target. In brief, SAMITE is more capable of dealing with occlusions
and distractors. More visualizations are included in Appendix E.4.

4.3 ABLATION STUDY

Component-wise Ablation Study. The detailed component-wise ablation study is presented in
Table 3 to validate the effectiveness of module designs. We start with a tailored model, without
PMB and PPG, and the initial AUC is 72.1%. When we merely include PMB and use either feature-
wise anchor or position-wise anchor to sort and select the memories of processed frames, the AUC
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scores are uniformly 73.7%, showing the necessity of memory calibration. If we use both anchors,
the AUC can reach 74.6%, already surpassing all baselines in Table 1. The visual impacts of PMB
are illustrated in Appendix E.2. For PPG, if we input the generated PPM as pseudo mask prompt for
all frames, the AUC score is decreased from 72.1% to 71.9%, and we attribute it to the fact that the
generated mask prompts are never as accurate as the unavailable GT masks, and may introduce some
noises to deteriorate the performance. Hence, we further design CCC to post-check the generated
prompts for selectively introducing them to some of the frames, leading to a performance gain of
1.3%. Finally, when both PMB and PPG are deployed, the AUC, Pnorm and P scores can reach
74.9%, 83.4% and 81.4%, showing the superiority of SAMITE.

IV

POC

DEF

MBCM

ROT

BC

VC

SV

FOC

FM OV

LR

ARC

60
70

80

SAM2.1-B
SAMURAI-B

SAM2.1++-B
SAMITE-B

Figure 5: Attribute-wise Performance.

�𝑀𝑀𝜏𝜏
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (Eq. 9) �𝑀𝑀𝜏𝜏 (Eq. 12) Predictions and GT

w/o Prior w/ Prior GT
Activate Suppress

#217

#264

#252

Figure 6: Visual impacts of PPG.

Attribute-wise Performance on LaSOT. LaSOT (Fan et al., 2019) defines 14 attributes (i.e., chal-
lenges) such as Full Occlusion for VOT, and annotates each sequence to indicate if each attribute
exists or not. Following (Yang et al., 2024; Zheng et al., 2024; Bai et al., 2024; Cai et al., 2024), we
compare the attribute-wise results in Figure 5. Kindly remind that the explanation for each abbrevi-
ation and the detailed values are included in Appendix D.1. It can be observed that our SAMITE is
better at dealing with the challenges of VOT than other SAM2-based methods, e.g., for Full Occlu-
sion (FOC) and Partial Occlusion (POC) scenarios, the AUC of SAMITE is 3.1% and 3.0% better
than the best baseline SAM2.1++. Notably, SAMITE achieves 3.7% higher AUC than SAM2.1++,
in terms of Background Clutter (BC) that denotes the existence of nearby distractors, validating the
claim of better at handling occlusions and distractions in Section 1.

Visual Impacts of Positional Prompt Generator. We visualize 3 examples to show the visual
impacts of PPG in Figure 3. The first and second columns refer to the prior masks without and
with positional information. Note that the frames in the third column indicate where the predictions
of 2 methods (without and with PPG) start to differ. We can observe that (1) the distractors are
feature-wise similar to the target; (2) the generated positional prior mask can effectively suppress
the distractors; and (3) the use of mask prompts can also help to ensure the completeness of objects,
e.g., in the second and third rows, the tracked regions start to shrink if we do not use PPG.

5 CONCLUSION

In this paper, we present zero-shot SAMITE for Visual Object Tracking. SAMITE is built upon
SAM2, with additional Prototypical Memory Bank (PMB) and Positional Prompt Generator (PPG)
to alleviate the error propagation issue introduced by object occlusions and distractions. PMB
aims to quantify the feature-wise and position-wise correctness of the tracking results of each pro-
cessed frame, where the accurate ones would be selected to condition subsequent frames, so as to
intercepting the propagation of errors. Besides, PPG is responsible for generating positional mask
prompt, regarded as positional clues for distinguishing the target object from distractors. Extensive
experiments have been conducted on 6 benchmarks, demonstrating the superiority of SAMITE.

9
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Luc Van Gool. One-shot video object segmentation. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 221–230, 2017.

Wenrui Cai, Qingjie Liu, and Yunhong Wang. Hiptrack: Visual tracking with historical prompts.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
19258–19267, 2024.

Yidong Cai, Jie Liu, Jie Tang, and Gangshan Wu. Robust object modeling for visual tracking. In
Proceedings of the IEEE/CVF international conference on computer vision, pp. 9589–9600, 2023.

Xin Chen, Bin Yan, Jiawen Zhu, Dong Wang, Xiaoyun Yang, and Huchuan Lu. Transformer track-
ing. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
8126–8135, 2021.

Xin Chen, Houwen Peng, Dong Wang, Huchuan Lu, and Han Hu. Seqtrack: Sequence to sequence
learning for visual object tracking. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 14572–14581, 2023.

Zedu Chen, Bineng Zhong, Guorong Li, Shengping Zhang, and Rongrong Ji. Siamese box adaptive
network for visual tracking. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 6668–6677, 2020.

Yutao Cui, Cheng Jiang, Limin Wang, and Gangshan Wu. Mixformer: End-to-end tracking with
iterative mixed attention. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 13608–13618, 2022.

Martin Danelljan, Goutam Bhat, Fahad Shahbaz Khan, and Michael Felsberg. Atom: Accurate
tracking by overlap maximization. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 4660–4669, 2019.

Martin Danelljan, Luc Van Gool, and Radu Timofte. Probabilistic regression for visual tracking.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
7183–7192, 2020.

Shuangrui Ding, Rui Qian, Xiaoyi Dong, Pan Zhang, Yuhang Zang, Yuhang Cao, Yuwei Guo, Dahua
Lin, and Jiaqi Wang. Sam2long: Enhancing sam 2 for long video segmentation with a training-
free memory tree. arXiv preprint arXiv:2410.16268, 2024.

Scott Ettinger, Shuyang Cheng, Benjamin Caine, Chenxi Liu, Hang Zhao, Sabeek Pradhan, Yuning
Chai, Ben Sapp, Charles R Qi, Yin Zhou, et al. Large scale interactive motion forecasting for
autonomous driving: The waymo open motion dataset. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pp. 9710–9719, 2021.

Heng Fan, Liting Lin, Fan Yang, Peng Chu, Ge Deng, Sijia Yu, Hexin Bai, Yong Xu, Chunyuan
Liao, and Haibin Ling. Lasot: A high-quality benchmark for large-scale single object tracking.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
5374–5383, 2019.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Heng Fan, Hexin Bai, Liting Lin, Fan Yang, Peng Chu, Ge Deng, Sijia Yu, Harshit, Mingzhen
Huang, Juehuan Liu, et al. Lasot: A high-quality large-scale single object tracking benchmark.
International Journal of Computer Vision, 129:439–461, 2021.

Luis M Fuentes and Sergio A Velastin. People tracking in surveillance applications. Image and
Vision Computing, 24(11):1165–1171, 2006.

Shenyuan Gao, Chunluan Zhou, Chao Ma, Xinggang Wang, and Junsong Yuan. Aiatrack: Attention
in attention for transformer visual tracking. In European conference on computer vision, pp.
146–164. Springer, 2022.

Shenyuan Gao, Chunluan Zhou, and Jun Zhang. Generalized relation modeling for transformer
tracking. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp. 18686–18695, 2023.

Dongyan Guo, Jun Wang, Ying Cui, Zhenhua Wang, and Shengyong Chen. Siamcar: Siamese fully
convolutional classification and regression for visual tracking. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 6269–6277, 2020.

Dongyan Guo, Yanyan Shao, Ying Cui, Zhenhua Wang, Liyan Zhang, and Chunhua Shen. Graph
attention tracking. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition, pp. 9543–9552, 2021.

Lingyi Hong, Shilin Yan, Renrui Zhang, Wanyun Li, Xinyu Zhou, Pinxue Guo, Kaixun Jiang, Yiting
Chen, Jinglun Li, Zhaoyu Chen, et al. Onetracker: Unifying visual object tracking with foundation
models and efficient tuning. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 19079–19091, 2024.

Jun-Wei Hsieh, Shih-Hao Yu, Yung-Sheng Chen, and Wen-Fong Hu. Automatic traffic surveillance
system for vehicle tracking and classification. IEEE Transactions on intelligent transportation
systems, 7(2):175–187, 2006.

Lianghua Huang, Xin Zhao, and Kaiqi Huang. Got-10k: A large high-diversity benchmark for
generic object tracking in the wild. IEEE transactions on pattern analysis and machine intelli-
gence, 43(5):1562–1577, 2019.

Rudolph Emil Kalman. A new approach to linear filtering and prediction problems. 1960.

Hamed Kiani Galoogahi, Ashton Fagg, Chen Huang, Deva Ramanan, and Simon Lucey. Need for
speed: A benchmark for higher frame rate object tracking. In Proceedings of the IEEE interna-
tional conference on computer vision, pp. 1125–1134, 2017.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al. Segment anything. In Proceed-
ings of the IEEE/CVF international conference on computer vision, pp. 4015–4026, 2023.

Florin Leon and Marius Gavrilescu. A review of tracking and trajectory prediction methods for
autonomous driving. Mathematics, 9(6):660, 2021.

Bo Li, Junjie Yan, Wei Wu, Zheng Zhu, and Xiaolin Hu. High performance visual tracking with
siamese region proposal network. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 8971–8980, 2018.

Bo Li, Wei Wu, Qiang Wang, Fangyi Zhang, Junliang Xing, and Junjie Yan. Siamrpn++: Evolution
of siamese visual tracking with very deep networks. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 4282–4291, 2019.

Liting Lin, Heng Fan, Zhipeng Zhang, Yong Xu, and Haibin Ling. Swintrack: A simple and
strong baseline for transformer tracking. Advances in Neural Information Processing Systems,
35:16743–16754, 2022.

Liting Lin, Heng Fan, Zhipeng Zhang, Yaowei Wang, Yong Xu, and Haibin Ling. Tracking meets
lora: Faster training, larger model, stronger performance. In European Conference on Computer
Vision, pp. 300–318. Springer, 2024.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Christoph Mayer, Martin Danelljan, Danda Pani Paudel, and Luc Van Gool. Learning target candi-
date association to keep track of what not to track. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 13444–13454, 2021.

Matthias Muller, Adel Bibi, Silvio Giancola, Salman Alsubaihi, and Bernard Ghanem. Trackingnet:
A large-scale dataset and benchmark for object tracking in the wild. In Proceedings of the Euro-
pean conference on computer vision (ECCV), pp. 300–317, 2018.

Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang Hu, Chaitanya Ryali, Tengyu Ma, Haitham
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A CODE

The source code is provided in the supplementary material. The instructions for reproducing our
results are detailed in the README file. The code will be made public after paper acceptance.

B IMPLEMENTATION DETAILS

Experiments are conducted with single NVIDIA V100 with 32GB memory. SAMITE is built upon
pretrained SAM2 (Ravi et al., 2024), and we follow SAMURAI (Yang et al., 2024) to evaluate its
zero-shot performance on various VOT benchmarks. For the hyperparameters used in our designed
modules, we set α = 0.3 in Eq. 5 and m = 30 as the size of reduced candidate set for PMB, and set
β = 0.7 as the threshold to use positional mask prompt in PPG, the parameter studies are included
in Appendix D.4.. SAM2 has 4 versions with different sizes, including T (39M), S (46M), B (81M)
and L (224M), after making trade-offs between performance and efficiency, we deploy SAM2-B
(81M) in most of the experiments, and study the impacts of different model sizes in Appendix D.2.

C DETAILS OF DATASETS

The FPS of all datasets except GOT-10k (Huang et al., 2019) is 30 FPS, while GOT-10k’s FPS is 10.

LaSOT (Fan et al., 2019). LaSOT dataset serves as a large-scale long-term tracking benchmark
with 1,400 videos spanning 70 object categories, featuring an average sequence length of 2,448
frames. Its training and testing splits maintain a balanced distribution, containing 1,120 and 280
sequences, respectively, with 16 training and 4 testing samples per category.

LaSOText (Fan et al., 2021). LaSOText augments the original LaSOT dataset with 150 additional
sequences across 15 novel object categories, featuring an average sequence length of 2,393 frames.
These sequences are specifically curated to emphasize occlusion patterns and small-target varia-
tions, posing heightened challenges. Following established protocols, models trained exclusively on
LaSOT (Fan et al., 2019) are evaluated in a zero-shot manner on this extension.

GOT-10k (Huang et al., 2019). It contains over 10,000 video segments depicting real-world moving
objects, covering 560+ object classes and 80 distinct motion types. It adheres to a strict one-shot
evaluation protocol, requiring trackers to be trained solely on domain-restricted training data, with
180 held-out videos for testing, prohibiting fine-tuning on test-domain information. GOT-10k is
used for short-term tracking, and the average sequence length is 126 frames.

TrackingNet (Muller et al., 2018). This dataset is designed for short-term tracking (with an average
video length of 441 frames), which offers a comprehensive dataset capturing diverse object classes
in unconstrained environments, comprising 30,643 videos. Its split allocates 30,132 sequences for
training and 511 for testing, ensuring generalizability across varied contextual scenarios.

NFS (Kiani Galoogahi et al., 2017). NFS includes 100 high-frame-rate (240 FPS) videos total-
ing 380,000 frames, simulating real-world motion dynamics. For compatibility with standard VOT
frameworks, the 30 FPS subset with synthetically added motion blur is utilized, aligning with estab-
lished practices in VOT research. For the 30 FPS version, the average frame number is 480.

OTB (Wu et al., 2015). OTB dataset represents one of the pioneering benchmarks for visual track-
ing, featuring 100 sequences (with an average length of 598 frames) systematically annotated with
per-sequence attribute labels (e.g., occlusion, scale variation). This dataset facilitates fine-grained
performance analysis across diverse tracking challenges.

D ADDITIONAL EXPERIMENTS

In this section, some additional experiments are provided, including details for attribute-wise per-
formance on LaSOT (Appendix D.1), comparisons between SAM2-based methods with different
parameter number (Appendix D.2), efficiency analysis (Appendix D.3), and parameter studies on
hyperparameters (Appendix D.4).
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D.1 DETAILED ATTRIBUTE-WISE PERFORMANCE ON LASOT

Table 4: Details of the defined attributes in LaSOT.

Attribute Abbr. Num Definition
Camera Motion CM 86 Abrupt motion of the camera
View Change VC 33 Viewpoint affects target appearance significantly

Rotation ROT 175 The target object rotates in the image
Scale Variation SV 273 The ratio of target bounding box is outside the range [0.5, 2]
Deformation DEF 142 The target object is deformable during tracking

Background Clutter BC 100 The background near the target object has the similar appearance as the target
Partial Occlusion POC 187 The target object is partially occluded in the sequence
Full Occlusion FOC 118 The target object is fully occluded in the sequence
Motion Blur MB 89 The target region is blurred due to the motion of target object or camera

Illumination Variation IV 47 The illumination in the target region changes
Aspect Ratio Change ARC 249 The ratio of bounding box aspect ratio is outside the rage [0.5, 2]

Out-of-View OV 104 The target object completely leaves the video frame
Low Resolution LR 141 The area of target box is smaller than 1000 pixels in at least one frame

Fast Motion FM 53 The motion of target object is larger than the size of its bounding box

Table 5: Attribute-wise AUC on LaSOT.
Trackers IV POC DEF MB CM ROT BC VC SV FOC FM OV LR ARC
SAM2.1-B 69.0 68.1 72.9 70.3 72.2 68.2 65.7 63.0 69.8 61.8 60.4 64.6 61.6 69.2
SAMURAI-B 72.2 70.2 73.6 71.8 74.7 70.2 68.8 68.0 71.6 65.5 62.3 67.0 64.8 70.9
SAM2.1++-B 74.3 71.2 72.9 72.8 76.1 69.5 67.4 74.4 72.6 66.0 66.6 67.2 66.1 72.0
SAMITE-B 75.9 74.3 75.5 74.3 79.6 73.4 72.5 72.1 74.6 69.0 67.4 70.1 69.3 73.8
Difference 1.6 3.1 1.9 1.5 3.5 3.2 3.7 -2.3 2.0 3.0 0.8 2.9 3.2 1.8

LaSOT (Fan et al., 2019) dataset defines 14 attributes, including Camera Motion (CM), View Change
(VC), Rotation (ROT), Scale Variation (SV), Deformation (DEF), Background Clutter (BC), Partial
Occlusion (POC), Full Occlusion (FOC), Motion Blur (MB), Illumination Variation (IV), Aspect
Ratio Change (ARC), Out-of-View (OV), Low Resolution (LR) and Fast Motion (FM), for VOT.
Their details are shown in Table 4.

LaSOT’s test set comprises 280 videos, and each of them are carefully annotated based on whether
each attribute exists or not. Benefiting from this characteristic, we compare the AUC scores of
SAM2.1 (Ravi et al., 2024), SAMURAI (Yang et al., 2024), SAM2.1++ (Videnovic et al., 2024) and
the proposed SAMITE model, and present the detailed results in Table 5. Compared with baselines,
our SAMITE is particularly good at dealing with cases of Partial Occlusion (POC), Camera Motion
(CM), Rotation (ROT), Background Clutter (BC), Full Occlusion (FOC), and Low Resolution (LR),
where our AUC score appears to be 3.0%+ better than the second best. Notably, POC and FOC are
related to object occlusions, and BC is exactly the distracting cases, so the improvements on these
attributes validate the motivations and the effectiveness of our proposed methodology.

D.2 SAM2-BASED METHODS WITH DIFFERENT SIZES

SAM2 has 4 variants in terms of different model sizes, including SAM2-T (39M), SAM2-S (46M),
SAM2-B (81M) and SAM2-L (224M). To further study the impacts of different model sizes for
SAM2-based methods, we conduct detailed analysis on the original SAM2.1 (Ravi et al., 2024),
SAMURAI (Yang et al., 2024) and our proposed SAMITE. The experiments are conducted on La-
SOT (Fan et al., 2019) and LaSOText (Fan et al., 2021), and the results are included in Table 6. The
following conclusions can be drawn from the table: (1) SAMITE can consistently improve SAM2.1
by large margins, particularly, the AUC score of SAMITE-B can outperform that of SAM2.1 by
8.9%; (2) Both SAMURAI and SAMITE are built upon SAM2.1, SAMITE consistently performs
better than SAMURAI, e.g., the gap of precision P can reach 5.2% when SAM2.1-B is deployed,
showing the superiority of our module designs; (3) SAMITE can achieve more remarkable im-
provement with relative smaller model sizes include T, S and B, making it a wonderful solution for
real-time inference in diverse real-world application scenarios like navigation.
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Table 6: SAM2-based methods with different sizes.

Size #Param Trackers LaSOT LaSOText

AUC Pnorm P AUC Pnorm P

T 39

SAM2.1 66.7 73.7 71.2 52.3 62.0 60.3
SAMURAI 69.3 76.4 73.8 55.1 65.6 63.7
SAMITE 72.8 80.6 78.3 57.5 68.0 66.2
Difference 3.5 4.2 4.5 2.4 2.4 2.5

S 46

SAM2.1 66.5 73.7 71.3 56.1 67.6 65.8
SAMURAI 70.0 77.6 75.2 58.0 69.6 67.7
SAMITE 73.0 81.3 79.2 59.8 71.7 70.1
Difference 3.0 3.7 4.0 1.8 2.1 2.4

B 81

SAM2.1 66.0 73.5 71.0 55.5 67.2 64.6
SAMURAI 70.7 78.7 76.2 57.5 69.3 67.1
SAMITE 74.9 83.4 81.4 60.7 73.1 71.2
Difference 4.2 4.7 5.2 3.2 3.8 4.1

L 224

SAM2.1 68.5 76.2 73.6 58.6 71.1 68.8
SAMURAI 74.2 82.7 80.2 61.0 73.9 72.2
SAMITE 74.7 83.3 81.1 62.1 75.2 73.5
Difference 0.5 0.6 0.9 1.1 1.3 1.3

Table 7: Efficiency analysis. The unit of reported values is frame-per-second (FPS). All of SAM2.1,
SAMURAI, SAM2.1++ and SAMITE are SAM2-based zero-shot methods, and the spatial resolu-
tion of video frames is 1024× 1024.

Size #Param SAM2.1 SAMURAI SAM2.1++ SAMITE
T 39 17.3 17.3 11.3 10.9
S 46 17.3 17.3 11.2 10.9
B 81 14.5 14.3 9.2 9.2
L 224 10.0 10.0 6.1 7.8

D.3 EFFICIENCY ANALYSIS

We conduct efficiency analysis on SAM2.1 (Ravi et al., 2024), SAMURAI (Yang et al., 2024),
SAM2.1++ (Videnovic et al., 2024) and our SAMITE, and report their frame-per-second (FPS) in
Table 7. All of them are SAM2-based zero-shot methods, uniformly adopt 1024 × 1024 video
frames as input, and would select 7 memories (if possible) to condition each frame. We can observe
from the table that: (1) SAMITE shows similar efficiency as the concurrent work SAM2.1++, but
can achieve better results (as shown in Table 1); (2) With the increase of parameter number, the
efficiency gap between SAMITE and SAM2.1 (i.e., the original SAM2 model) gets smaller, e.g.,
when using SAM2-B (46M), the gap in FPS is around 5; (3) Although the designed modules would
make the inference speed slower, it is worthy since sacrificing 5 FPS (SAM2.1-B to SAMITE-B)
can achieve an AUC gain of 8.9% on LaSOT.

D.4 PARAMETER STUDIES ON HYPERPARAMETERS

In this section, we conduct experiments to study the impacts of hyperparameters α (used in Memory
Calibration), m (used in Reduced Candidate Set) and β (used in Cycle Consistent Checking).

Parameter Study on α. In Memory Calibration (Section 3.2.1), we define feature-wise and
position-wise anchors for selecting processed frames whose predicted objects are feature-wise and
position-wise accurate, and we define a hyperparameter α to balance these two factors. Larger α
means the selection focuses more on the position-wise correctness. As shown in Table 8, (1) when
α = 0 or α = 1, only one of feature-wise and position-wise anchors is considered, and the AUC
scores are both 73.7%; (2) when α = 0.3, the best performance can be achieved, where the AUC
score can be as high as 74.9%, showing the necessity to introduce both anchors, and the effectiveness
of our method.

Parameter Study on m. We experiment with the hyperparameter m defined in Reduced Candidate
Set (Section 3.2.1), and present the results in Table 9. We would like to note: (1) using larger m, i.e.,
regarding more processed frames as candidates for memory calibration, would make the inference
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Table 8: Experiment on α.

α
LaSOT

AUC Pnorm P
0.0 73.7 82.0 79.9
0.1 74.7 83.3 81.3
0.2 74.7 83.3 81.3
0.3 74.9 83.4 81.4
0.4 74.5 83.0 81.0
0.5 74.2 82.5 80.6
1.0 73.7 81.9 79.7

Table 9: Experiment on the
number of reduced candi-
date set m.

m
LaSOT

AUC Pnorm P
20 73.9 82.3 80.3
30 74.9 83.4 81.4
40 74.7 83.2 81.2
50 74.4 83.0 81.0
60 74.1 82.5 80.6

Table 10: Experiment on
the threshold β of cycle
consistent checking.

β
LaSOT

AUC Pnorm P
0.5 74.3 83.0 81.1
0.6 74.8 83.4 81.4
0.7 74.9 83.4 81.4
0.8 74.8 83.1 81.2
0.9 74.7 82.8 80.8

speed slower, and costs more in memory; (2) larger m cannot guarantee better performance, because
in videos containing fast-moving objects, the positions of objects change rapidly, and earlier frames
might introduce misleading position information; (3) the best performance can be achieved when
m = 30, appearing to be both effective and efficient.

Parameter Study on β. In Cycle Consistent Checking (Section 3.2.2), we define a threshold β to
post-check whether the generated positional mask prompts are accurate or noisy. The impacts of
different thresholds β are illustrated in Table 10, where larger β means the prompt would be less
frequently used. From the table, we can observe: (1) it is necessary to use a checking mechanism to
determine if we can use the generated prompt for the current frame; (2) when β = 0.7, the trade-offs
between positional information and noises can be well made.

E ADDITIONAL FIGURES

In this section, some additional figures are provided, including the naive version of using SAM2 for
VOT (Appendix E.1), the visual impacts of memory calibration (Appendix E.2), more visualizations
of positional mask prompt (Appendix E.3), and more qualitative results (Appendix E.4).

E.1 SAM2 FOR VISUAL OBJECT TRACKING

Image
Encoder

Memory 
Attention

Mask
Decoder

Memory
Encoder

𝐼𝐼𝑡𝑡

𝐹𝐹𝑡𝑡
�𝑀𝑀𝑡𝑡

Memory Bank

𝑀𝑀𝑀𝑀𝑀𝑀1 𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡−2 𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡−1 𝐹𝐹𝑡𝑡

…

Memory Selection:
• 1 prompted frame
• 6 latest frames

𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡

Make prediction

Update memory

Figure 7: Illustration of using SAM2 for Visual Object Tracking. The first frame I1 is prompted
with GT bounding box, and would not be forwarded to Memory Attention for feature conditioning.
The mask predictions would be converted to bounding boxes for VOT.

As depicted in Figure 7, SAM2 can be used for VOT by (1) providing the GT bounding box to
prompt the first frame, and (2) converting the predicted masks to bounding boxes. The pipeline
includes:

Initialize Tracking with Prompt. The first frame I1 is forwarded to Image Encoder to extract its
features F1, which are decoded by Mask Decoder with GT bounding box prompt. The predicted
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#1 #143 #144 #145 #146 #147 #148

…

Candidates 𝒞𝒞Feature-wise Anchor Position-wise Anchor

𝑆𝑆𝜏𝜏𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 … 83.4% 67.5% 0.00% 0.00% 79.3%

𝑆𝑆𝜏𝜏𝑃𝑃𝑃𝑃𝑃𝑃 … 75.6% 68.0% 0.00% 0.00% 72.0%

𝑆𝑆𝜏𝜏 𝛼𝛼 = 0.3 … 81.1% 67.7% 0.00% 0.00% 77.1%

Remark … Good case Partial occlusion Full occlusion Full occlusion Wrong position

Memory
Calibration

#149

#149

#1 #143 #144 #145 #146 #148#147

#1 #148#119 #124 #125 #142 #143

SAM2.1

SAMITE

Figure 8: Visual impacts of Memory Calibration. The example is taken from basketball-11 of
LaSOT, where the current frame is #149. The default memory selection strategy of SAM2.1 (Ravi
et al., 2024) would select the memories of #1 and #143 to #148, regardless of their feature-wise and
position-wise correctness, leading to wrong tracking results. Instead, our SAMITE would quantify
the feature-wise and position-wise correctness of each processed frame, and select the best ones for
conditioning the current frame, ensuring more stable and more accurate tracking.

mask M̂1 and image features F1 are processed by Memory Encoder to obtain the corresponding the
encoded memory Mem1, which is stored in Memory Bank.

Memory-conditioned Tracking. Any other frames t is uniformly forwarded to Image Encoder to
extract features Ft. Then, the memories of the first prompted frame and 6 most recent frames are
selected to condition the current frame’s features as F̂t, via Memory Attention. Next, the enhanced
features F̂t are decoded into mask prediction M̂t. Finally, the memory Memt of the current frames
would be encoded and added to Memory Bank, used to condition subsequent frames.

E.2 VISUAL IMPACTS OF MEMORY CALIBRATION

In Figure 8, we provide an example where the original memory selection strategy of SAM2.1 (Ravi
et al., 2024) would result in wrong predictions in frame #149, while the designed Memory Calibra-
tion can resolve this error by selecting feature-wise and position-wise accurate memories.

Kindly recall that the default memory selection strategy of SAM2.1 is selecting the memories of the
first prompted frame and 6 most recent frames, i.e., #1, #143, #144, #145, #146, #147 and #148
in this case. However, as we can observe from the figure, (1) the basketball in #144 is partially
occluded, which may provide the model with ambiguous tracking target, e.g., a specific part of the
basketball, instead of the complete one; (2) the basketballs in #145 and #146 are fully occluded,
which may provide with wrong semantics like nothing needs to be tracked; (3) in #147, two boys
just finish behind-the-back dribbles, while the basketball close to the boy in black appears to be
easier to be recognized, and the model wrongly considers it as the target, raising a position-wise
error. As illustrated in the bottom part of the figure, despite the low quality of the memories of these
frames, SAM2.1 would use them to condition frame #149, and wrongly predict the distractor (i.e.,
the basketball in hand of the boy in black) as the target.

Instead, we propose Memory Calibration to quantify the feature-wise and position-wise errors of
each processed frame, and select the best memories to condition the current frame based on the
quantified scores. As shown in the middle part of the figure, frame #1 and #148 would be regarded as
feature-wise and position-wise anchors, respectively, since the predictions of frame #1 is definitely
accurate, owing to the input of GT bounding box, and the object in frame #148 is surely close to
that in frame #149. Then, we calculate 2 prototype-wise cosine similarities between the prototypes
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of candidates and the anchors. From the figure, we can observe: (1) the cases of occlusions (e.g.,
frame #144, #145, #146) can be recognized, as their SFeat

τ scores are lower than others; (2) the
position-wise in frame #147 can also be detected, since its SPos

τ score is lower than other good
cases (e.g., frame #143). After filtering inappropriate frames, our SAMITE finally select frame #1,
#119, #124, #125, #142, #143 and #148, and use their memories to condition the current frame #149,
intercepting the propagation of position-wise error in frame #147 and achieving correct tracking.

E.3 MORE VISUALIZATIONS OF POSITIONAL MASK PROMPT

GTActivate Suppress

�𝑀𝑀𝜏𝜏
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (Eq. 9) �𝑀𝑀𝜏𝜏 (Eq. 12) GT

#300

#100

#100

#100

�𝑀𝑀𝜏𝜏
𝐹𝐹𝐹𝐹 (Eq. 8) �𝑀𝑀𝜏𝜏

𝐵𝐵𝐵𝐵 (Eq. 8) �𝑀𝑀𝑡𝑡−1
𝑃𝑃𝑃𝑃𝑃𝑃 (Eq. 11)

Figure 9: More visualizations of positional mask prompt.

SAM2.1++-B SAMITE-B GT

#1100 #1350 #1450 #1550#900

#700 #710 #720 #730#600

#100 #125 #150 #175#75

#2700 #2750#2550 #2600#2500

#1800

#800

#200

#2650

Figure 10: More qualitative results.

In this section, we display more visualizations of positional mask prompt (PPG) in Figure 9, where
the first 3 columns refer to essential discriminative prior masks (Xu et al., 2024), and the 4th and 5th
columns show positional prior masks and the rectified prior masks (i.e., positional mask prompts).
It can be observed from the figure that the generated positional mask prompts can activate the target
objects, while suppressing the distractors well. As the model is informed of the positional informa-
tion about the target objects, it will be less likely to track on wrong objects, better at dealing with
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the cases with distractors. One potential drawback of PPG is the generated prompts would never be
as accurate as the unavailable GTs, which may introduce some noises to decrease the performance.
Therefore, we additionally couple the generated pseudo prompts with a Cycle Consistent Checking
mechanism to check the quality of each prompt, please refer to Section 3.2.2 and Appendix D.4 for
more details.

E.4 MORE QUALITATIVE RESULTS

SAM2.1++-B SAMITE-B GT

#900 #950 #1000 #1050#850

#3000 #3100 #3150 #3200#2950

#1100

#3250

#2050 #2100#1900 #1950#1850 #2000

#1530 #1535 #1550 #1575#1525 #1600

Figure 11: More qualitative results.

More qualitative comparisons between the designed SAMITE and SAM2.1++ (Videnovic et al.,
2024) are displayed in Figure 10 and Figure 11, where our SAMITE appears to be better at dealing
with occlusions and distractions than SAM2.1++. Particularly, SAMITE is capable of intercepting
the propagation of errors. For example, in the 3rd row of Figure 10, when the target car is occluded
by the distractor since frame #100, SAMITE (blue rectangle) would then track on the wrong car
in #125. With the help of Memory Calibration, SAMITE could correct the error and re-track on
the correct car in frame #175. Similarly, in the 4th row of Figure 10 and the 1st row of Figure 11,
SAMITE (blue rectangles) makes mistakes on frame #2600 and #950, but can re-focus on the target
object in frame #2650 and #1000, respectively, demonstrating the superiority of our module designs.

F LIMITATION

Although the proposed zero-shot SAMITE model have already achieved appealing performance
on multiple VOT benchmarks, there exist 2 potential limitations or future directions, including: (1)
Efficiency: The designed Prototypical Memory Bank (PMB) and Positional Prompt Generator (PPG)
merely introduce additional linear computational complexity, while the inference speed (shown in
Table 7) appears to be slower than that of the original SAM2.1. Hence, one possible future direction
is to reduce some computations in PMB and PPG; (2) In-domain effectiveness: In Table 1 and
Table 2, zero-shot SAM2-based methods show their superiority over supervised VOT methods on
out-domain testing cases (e.g., LaSOText and GOT-10k), the in-domain performance is not that
good in datasets like TrackingNet and OTB. We attribute to the fact that these datasets contain some
domain-specific knowledge, but it is not captured by SAM2-based methods. Therefore, another
possible future direction is to explicitly mine and inject the domain-specific knowledge to SAM2
model.
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