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Fig. 1: Our PanoSAM2 achieves superior results on 360 Video Object Segmentation
via spherical distortion and geometry adaptations of SAM2. (a) Sample results from
SAM2 and PanoSAM?2 on the 360 panoramic video frames, showing how PanoSAM?2
better segments the target across different time frames (red dash circle). (b) Plot
comparing the performance of PanoSAM2 against existing methods on 360VOTS [34]
and PanoVOS [36] (star icon for the best model), demonstrating its superior video
segmentation capabilities.

Abstract. 360 video object segmentation (360VOS) aims to predict
temporally-consistent masks in 360 videos, offering full-scene coverage,
benefiting applications, such as VR/AR and embodied AI. Learning
360VOS model is nontrivial due to the lack of high-quality labeled dataset.
Recently, Segment Anything Models (SAMs), especially SAM2 — with
its design of memory module — shows strong, promptable VOS capabil-
ity. However, directly using SAM?2 for 360VOS yields implausible results
as 360 videos suffer from the projection distortion, semantic inconsis-
tency of left-right sides, and sparse object mask information in SAM2’s
memory. To this end, we propose PanoSAM2, a novel 360VOS frame-
work based on our lightweight distortion- and memory-aware adaptation
strategies of SAM2 to achieve reliable 360VOS while retaining SAM?2’s
user-friendly prompting design. Concretely, to tackle the projection dis-
tortion and semantic inconsistency issues, we propose a Pano-Aware
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Decoder with seam-consistent receptive fields and iterative distortion
refinement to maintain continuity across the 0°/360° boundary. Mean-
while, a Distortion-Guided Mask Loss is introduced to weight pixels
by distortion magnitude, stressing stretched regions and boundaries. To
address the object sparsity issue, we propose a Long—Short Mem-
ory Module to maintain a compact long-term object pointer to re-
instantiate and align short-term memories, thereby enhancing temporal
coherence. Extensive experiments show that PanoSAM?2 yields substan-
tial gains over SAM2: +5.6 on 360VOTS and +6.7 on PanoVOS, show-
ing the effectiveness of our method. Code is available at https://github.com/Eric-
Bumaro/PanoSAM2.

1 Introduction

360 video object segmentation (360VOS) aims to track and segment target ob-
jects across 360 videos, given their mask in the first frame. Unlike conventional
perspective VOS with a limited field-of-view (FoV), 360 videos — with the com-
monly used projection type of Equirectangular projection (ERP) — can observe
all entire spherical scene, maintaining awareness of objects from all directions.
This property makes it particularly valuable for immersive applications such as
VR/AR [8,10], autonomous driving [26,31,36,43|, and embodied robotics [9,41],
which demand temporally consistent tracking with stable object identity. How-
ever, an ERP image, A.K.A., panorama® samples pixels with a higher density at
the poles compared to the equator, resulting in spherical distortions. Moreover,
the left-right ERP borders correspond to adjacent longitudes, causing the seman-
tic inconsistency at the 0°/360° seam. These render the perspective 2D imagery-
based VOS research [3-5,21,32,38,39] less applicable or effective. Only recently, a
few studies [34,36] consider the geometric and photometric characteristics unique
to omnidirectional capture. However, the benchmarks [34,36] for 360VOS remain
much under-explored compared to their 2D counterparts [24,27,29,33], and their
generalization capacity is limited. Bridging this gap requires rethinking both
model architectures and optimization objectives to account for the distortion
and spherical continuity in 360 imagery.

Recently, Segment Anything Model (SAM), especially SAM2 [29] is a prompt-
based VOS foundation model that shows strong zero-shot, promptable capabili-
ties thanks to its user-friendly interface (points, boxes, or masks) and a memory
module trained over 50K+ videos. While SAM2 has inspired extensions across
domains [19,45], directly applying it to 360VOS produces implausible results (see
Fig. 1) caused by the distortion, left-right semantic inconsistency at the 0°/360°
seam, and small masks that often appeared in the target objects, leading to
sparse object evidence in SAM2’s memory. Under such sparsity and occlusion,
short-term memory can drift or forget, echoing prior observations in memory-
based VOS [2,4,7,11,36,39].

To address these challenges, we explore a novel idea: lightweight distortion-
and memory-aware adaptation that preserves SAM2’s promptable design

3 In this paper, ERP and panoramic are interchangeably used.
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while making it reliable for panoramic videos. Intuitively, we propose PanoSAM?2,
a novel 360VOS framework that can achieve robust 360VOS (see Fig. 1) with
strong generalization via three interconnected technical components. Firstly, to
tackle the spherical continuity and projection distortion, we propose a Pano-
Aware (PA) Decoder that reshapes the mask decoding process (see Sec. 3.1).
Concretely, it performs left-right wrap concatenation to build seam-consistent
receptive fields, ensuring that features at the right border attend to their true
neighbors at the left border (i.e., the 0°/360° seam). Then, the decoder conditions
on the previous-frame mask to apply iterative distortion refinement, progres-
sively correcting features near high-distortion latitudes during decoding. This
geometry-aware design remarkably reduces seam breaks and improves boundary
fidelity while remaining a lightweight decoder.

On top, we introduce a Distortion-Guided Mask Loss, a geometry-aware
objective that weights pixels by their distortion magnitude under ERP (see
Sec. 3.3). It is a spherical weighting scheme with a novel BFoV-guided [34]
supervision strategy designed to cooperate with the loss function. Intuitively,
pixels in highly stretched regions (and near boundaries) contribute more to the
loss, encouraging projection-robust masks and sharper boundaries. The loss is
simple to compute, architecture-agnostic, and complements the PA Decoder by
aligning the optimization target with the ERP.

To enhance temporal robustness under sparsity and occlusion, we propose a
novel Long—Short Memory Module (LSMM) (see Sec. 3.2). It maintains a com-
pact long-term object pointer—an object-level summary distilled from historical
observations—that periodically re-instantiates and aligns the short-term mem-
ory. By injecting this pointer into memory attention alongside recent features,
PanoSAM?2 resists drift, rapidly recovers from occlusions, and prevents domi-
nance by frames where the foreground is tiny or absent. Rather than relying
on motion heuristics [37], it leverages the often-overlooked occlusion score for
long-term memory selection and employs the compact object pointer of SAM?2’s
design. This design stabilizes identity while preserving responsiveness to new in-
puts, thereby improving temporal coherence in challenging panoramic scenes.

We evaluate our PanoSAM2 on the 360VOTS [34] and PanoVOS [36], ob-
serving consistent gains over SAM2. In particular, PanoSAM?2 improves by +5.6
on 360VOTS test set and +6.7 on PanoVOS validation set, indicating that
panoramic geometry and memory constraints can be effectively addressed with-
out discarding the promptable interface. Ablation studies attribute the improve-
ments to three innovative components. Notably, these benefits come with modest
overhead, preserving the efficiency for practical applications.

In summary, our contributions are four-fold:

— We make the first attempt to leverage SAM2’s zero-shot, prompt-based
paradigm and propose PanoSAM2, a novel approach for the challenging
360VOS by introducing a tightly integrated, architecture-specific design.

— We propose the Pano-Aware Decoder that enforces left—right semantic con-
tinuity and mitigates ERP distortion; a Distortion-Guided Mask Loss that
aligns optimization with spherical sampling;
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— We propose a Long—Short Memory Module coupling long-term pointers with
short-term memory to mitigate drift under sparsity and occlusion.

— We show that PanoSAM?2 shows state-of-the-art (SoTA) performance on di-
verse benchmark 360VOS datasets (J&F score of 65.8 on 360VOTS test set
and 78.1 on PanoVOS validation set) and strong generalization capabilities.
Notably, the proposed architecture exhibits strong cross-dataset generaliza-
tion, revealing principles for robust 360VOS.

2 Related Works

2.1 360 Video Object Segmentation.

Compared with perspective settings, object tracking and segmentation in 360
videos remain underexplored. PanoVOS [36] introduced the 360VOS task, releas-
ing a dedicated dataset (PanoVOS) and the PSCFormer baseline. PSCFormer
addresses equirectangular projection (ERP) distortion and semantic consistency
by applying left-right padding to preserve wrap-around continuity and by re-
stricting pixel-level attention windows, thereby reducing cross-sphere confusion
while maintaining efficiency. Besides, 360VOTS [34] proposes a Bounding Field-
of-View (BFoV) mechanism that handcrafts the next-frame search region from
the previous prediction, effectively “windowing” the panorama so that conven-
tional VOS models can be used without architectural changes. While BFoV
enables plug-and-play reuse of mature 2D pipelines, it introduces a runtime bot-
tleneck due to sequential localized searches and is brittle when targets are heavily
occluded, leave the window, or re-enter with large appearance or viewpoint shifts.
We argue that methods tailored to ERP must simultaneously handle severe pro-
jection distortion, seam consistency, and sparsely distributed target pixels, chal-
lenges that are only partially addressed by padding and local attention. To this
end, we propose PanoSAM?2 that explicitly incorporates geometry-aware decoding
and memory while retaining SAM2 capabilities for panoramic streams.

2.2 SAM-Based Video Object Segmentation

The SAM family [12,29] established segmentation foundation models whose
promptable design enables broad transfer. Building on this, several works [15,19,
20,28,44,45] adapt it to video. SAM-PT [28] couples a point-tracking model with
SAM: tracked points on the target are fed as prompts to segment each frame,
requiring no task-specific training. SAM-I2V [19] synthesizes prompts from tem-
poral cues by combining past masks and current-frame features, then performs
inference via SAM’s prompt encoder and mask decoder. SAM2Long [7] observes
track drift under occlusion, and models mask uncertainty by exploring a tree of
hypotheses, selecting favorable branches; the analysis further highlights the value
of long-term memory for stable segmentation. CamSAM?2 [45] extends SAM2 to
camouflaged object tracking, injecting camouflage tokens to derive object proto-
types that correct current predictions. MAPS [37] explores the effect of adding
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Fig. 2: Overview of our PanoSAM2 framework. Compared with SAM2 [29], it has
two architectural contributions: Pano-Aware (PA) Decoder and Long-Short Memory
Module (LSMM).

more representative frames to memory. While effective in perspective settings,
these approaches struggle in 360 video: affine priors become unstable across ERP
distorted regions, and traditional receptive areas cannot handle semantic consis-
tency for left and right boundaries. Consequently, direct application to panoramic
streams yields degraded performance. In contrast, our designs effectively fit the
characteristics of 360 video and are integrated into SAM2’s architecture, going
beyond direct adaptation of existing 360 strategies.

3 Methodology

Preliminaries: SAM2. SAM2 [29] is a prompt-based foundation model for
image and video object segmentation. It is trained on SA-1B [12] and SA-V [29]
with over 50K+ videos and exhibits strong zero-shot capacity, allowing evalua-
tion on unseen data without task-specific finetuning.

For the frame X7 ¢ RHXWX3 at time T, SAM2 input it into the Hi-
era image encoder [30] to extract feature and then memory-condition it to
FL... € IR 16 X 16 X256 by operating cross-attention with memory from the mem-
ory bank. If it is the first frame, a prompt (point, box, or mask) is provided and
encoded. FL_, is input into the mask decoder together with prompt information
(if possible) to decode three mask logits VI ,,, € RE*WX3 an object pointer
PT € R (d, for pointer dimension) for object-level information, U7 € R? that
predicts the ToU scores of the three predicted masks with ground truth, and an
occlusion score O7 € R for the probability of object being visible in this frame.
In parallel, the mask with the maximum loU score and unconditioned frame

feature are combined by a memory encoder and, together with the PT, written
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into the memory bank. By default, the bank retains only the most recent six
frames’ memory.

Our Idea. However, as SAM2 fails to model equirectangular distortion and
left—right seam semantic continuity. Moreover, under heavy distortion or after
occlusion, the short memory policy can forget the target or drift to another ob-
ject, leading to identity breaks. To address these gaps, we propose PanoSAM?2
for 360VOS, as depicted in Fig. 2. We elaborate a Pano-Aware (PA) de-
coder (see Sec. 3.1) and Distortion-Guided Loss (see Sec. 3.3) to tackle the
boundary-consistent and distortion-aware prediction. The loss is simple to com-
pute, architecture-agnostic, and complements the PA Decoder by aligning the
optimization target with the ERP. Then, we articulate the Long-Short Mem-
ory Module (LSMM) in Sec. 3.2, augmenting temporal information with long-
term memory to enhance temporal robustness under sparsity and occlusion.

3.1 Pano-Aware Decoder

Insight. Our PA decoder adapts SAM2’s mask decoder to 360° FoV by building
geometry awareness into the network. Unlike CamSAM2 [45] and Seg2Track-
SAM2 [20], which modify SAM2’s outputs, our design avoids splitting seam-
spanning objects into two identities by making the decoder itself seam-
consistent and distortion-aware.

In PA Decoder, memory-conditioned features first pass through a Pano-
Consistency (PC) block composed of three convolutions with different kernel
sizes. For the 3 x 3 and 5 x 5 layers, we apply left-right wrap padding: features
at the left border are padded with the right border and vice versa. This PC
operation PC(-) is formulated in Eq. (1), where s is for kernel size, Cat is for
concatenating at the width dimension, and the padding p is set to 1 and 2 for
s = 3 and s = b, respectively. This preserves spatial size while allowing receptive
fields to cross the 0°/360° seam, enabling the PA decoder to attend to true spher-
ical neighbors. We apply the PC Block to features before fusion with positional
embeddings, ensuring that the following attention of SAM?2 preserves semantic
continuity.

fr’{wm,l = f'r’lr—‘zem[:7 : p]

oo 1)

PC(Frzem) = Convs(cat(Frzemmv-Fg;ﬁm7-F-nj;em,l))

T T
]:mem,r = Fmem[:7

For 360 videos, ERP distortion is either present from the first frame or
emerges gradually with motion. The first case is guided by the initial prompt
mask and needs no extra handling. For gradual changes, we fuse previous-frame
mask cues: the last prediction is passed through SAM2’s frozen memory-encoder
mask downsampler to obtain mask features, concatenated with the output of the
PC block, and fused via a convolution to stabilize features in newly distorted re-
gions. The fused features then undergo multi-round cross-attention with tokens
as in SAM2, ensuring consistent refinement across frames. During transpose con-
volutions, shallow features 71 and . from the image encoder are processed by
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Fig. 3: Overview of our LSMM framework.

PC Blocks to retain seam consistency and further enhance spatial alignment. Fi-
nally, the mask yg’m with the highest ToU score in Y1 ,,, is written to memory

via the memory encoder, enabling reliable propagation in subsequent frames.

3.2 Long-Short Memory Module (LSMM)

Insight. Prior work [2,4,7,37] shows that long-term memory benefits video
segmentation, while SAM2 mainly preserves it via iterative updates from the
prompted frame. In 360 videos, sparse object visibility further weakens long-
range cues. We introduce LSMM that fuses long- and short-term infor-
mation without increasing memory footprint, as depicted in Fig. 3.
LSMM keeps only object pointers for long-term frames in a bank and drops
dense features. An Occlusion Sample Strategy selects key frames by weighted
sampling with an occlusion score; pseudocode is provided in the supplementary
material. Denote the sampled long-term pointers as P. € RL*% and short-
term pointers as PL € R6*d» We compute an attention matrix A € RE*6 that
measures long—short similarity and use it to reweight the short-term memory
ML e RO 16 % 16 Xdm  where d,,, is the embedding dimension of memory, yielding
Mvg To inject long-range context, we apply FiLM [25]: a feed-forward network
predicts per-channel scales and biases for the reweighted short-term memory,
producing a pseudo long-term memory M7% € REX 16 % 16 Xdm;
7,8 = FEN(PL), -
M} =Miov+B,

where FFN(:) denotes feed-forward network, © is element-wise multiplication,
and v,8 € R are broadcast over spatial and short-term dimensions. As in
SAM2, we concatenate M7, M%L, and pointer sets (P} and PL), and pass them
to the memory attention to condition image features.

3.3 Distortion-Guided Mask Loss

Insight. We propose a distortion-guided loss for 360VOS, while keeping the
output head design of SAM2 [29] that outputs three mask logits VI ,,,, three
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corresponding IoU scores U, and an occlusion score O per frame. The out-
put mask yg;no is the one with the maximum IoU score. The key challenge
in 360-specific loss design is the combination of projection-induced
distortion and severe class imbalance: foreground often occupies tiny
regions.

To address these, we employ the bounding field-of-view (BFoV) [34] projec-
tion 7 for the ground-truth object mask yth using camera geometry and obtain a
less-distorted region inside that BFoV where projection stretching is minimized.
As visualized in Fig. 4, T(yth) yields a robust estimate of the foreground propor-
tion, capturing object sparsity for the current frame. Besides, it defines a spatial
prior that differentiates reliable evidence from heavily distorted zones. We de-
rive pixel-wise weights W from it. Foreground pixels receive a uniform wy weight
equal to the foreground proportion in T(yth), bounded by maximum value w,,q,
and minimum value w,,;,, encouraging the model to learn from rare positives
without overwhelming the objective. Background pixels receive spatially vary-
ing weights that are scaled by the complementary proportion and decay with
normalized distance to the object boundary, as formulated in Eq. (3), where
DJi, j] stands for the distance of pixel [i, j] to the mask boundary and D4, is
the maximum distance. Thus, hard negatives near the contour are emphasized
while far-away background contributes little. At last, we reproject the weight
map to the spherical space by 7! and fill up the other area with the minimum
of W. 771(W) is utilized for weight in binary cross-entropy loss Lpcp for mask
optimization.

Wil = o+ (g = o1 - 22 3)

For the auxiliary heads, we follow SAM2. The IoU score head is trained with
mean-squared error against the true IoU value Z/{th from ygA M and y;f, and the
occlusion score head with binary cross-entropy against the label Oth of whether
the object appears in yth. The overall objective is a weighted summation of the
mask, ToU, and occlusion terms, as described in Eq. (4):

‘Cmask = )\bceﬁBCE(y;:lnw g;a T_l(W)) + Adiceﬁdice(yg;noa gj;)

(4)
L= NovLyseU" ,UY) + Lmask + AoccLres(OT,0F)

where Lg;c. refers to the dice loss, and Lj;sr represents the mean squared
error loss. The parameters Apce, Adice, Alot7s and Ayee correspond to the weights
applied to the mask BCE loss, mask dice loss, IoU loss, and occlusion score
loss, respectively. This design does not alter inference cost, and explicitly aligns
supervision with spherical geometry and the statistics of omnidirectional scenes.
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Table 1: Comparisons between our method and prior arts on the 360VOTS
test dataset. Our PanoSAM?2 achieves a new state-of-the-art performance. The best
results are shown in bold, and * means the method is re-implemented and reproduced.

VOS Tracker | Backbone | J&F J F  |Memory (GB) GFLOPs|FPS

Perspective- Video-Specified

CFBI [38] ResNet-101 46.3 41.2 51.3 - - -
CFBI+ [40] ResNet-101 48.0 42.8 53.2 - - -
TarVis [1] Swin-L 36.8 32.5 41.1 - - -
GMVOS [17] ResNet-50 | 47.7 431 522 . . .
UNICORN ([35] ConvNeXt-L | 40.4 33.9 46.9 - - -
AFB-URR [14] ResNet-50 43.5 38.9 48.1 - - -
STM |[21] ResNet-50 40.1 36.4 43.8 - - -
STCN [5] ResNet-50 60.9 55.0 66.7 2.7 165.4 |23.8
AOT [39] MobileNet-V2| 53.4 47.1 59.7 - - -
TBD 6] DenseNet-121|  53.6 47.4 59.8 - - -
RTS [23] ResNet-50 59.3 54.0 64.5 - - -
TBD 18] ResNet-50 53.7 48.7 58.7 - - -
XMem [4] ResNet-50 65.0 59.6 70.3 3.5 361.2 |22.5
SAM2 [29] Hiera-T 59.4 53.9 64.9 3.6 686.7 |42.6
SAM2 [29] Hiera-S 60.2 56.8 63.6 4.1 751.4 139.3
SAM2Long [7] Hiera-T 59.8 54.4 65.2 4.0 735.8 129.4
SAM2Long [7] Hiera-S 61.1 57.5 64.7 4.4 792.3 (274
360-Video-Specified

PSCFormer [36]-B*| ResNet-50 61.0 57.7 64.3 2.8 274.7 |18.5
PSCFormer [36]-L*| ResNet-50 62.5 58.8 66.2 - - -

N Hiera-T 64.314.9 59.215.3 69.314.4 3.7 728.0 [34.8
“PanoSAM2 ‘ Hiera-S ‘65.8?5.6 59.913.1 71.6T8.0‘ 4.3 788.3 ‘29.2

4 Experiment

4.1 Experimental Setup

Dataset. We evaluate PanoSAM?2 on two panoramic video object segmentation
benchmarks: 360VOTS [34] and PanoVOS [36]. 360VOTS is a large-scale dataset
that contains 290 sequences spanning 62 categories, totaling about 242K frames
with an average duration of 28 seconds per sequence. It provides dense, pixel-wise
ground-truth annotations. The official split assigns 170 sequences for training
and 120 for testing. PanoVOS comprises 150 videos with about 14K frames and
over 19K instance annotations from 35 categories, with an average duration of
20 seconds. The training set has 80 videos for training, and the validation set
and test set each have 35 videos.

Implementation Details. PanoSAM2 is implemented in PyTorch [22]. All
components inherited from SAM2 [29] are initialized from the released SAM2
training weights. We train with AdamW [16] optimizer (8 = (0.9, 0.999), eps=1e-
8, and the weight decay is 0.01) with an initial learning rate of 2e-4 and a StepLR,
scheduler, for a total of 80 epochs. To exercise long-horizon memory, we cap each
sampled clip at 100 frames with a batch size of 4 and sample 400 clips per epoch.
To warm up, in the first two epochs, the memory encoder is fed the ground-truth
mask at every frame. In subsequent epochs, we correct the memory with a GT
mask every 8 frames. After 20 epochs, we introduce LSMM for training. Our
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Table 2: Comparisons between our method and existing approaches on
PanoVOS validation and test datasets. The best results are shown in bold. Eval-
uation metric subscript s and u denote scores in seen and unseen categories compared
to the training dataset.

VOS Tracker ‘Backbone ‘ PanoVOS Validation ‘ PanoVOS Test

‘ ‘ TJ&F Ts Fs Tu Fu ‘ J&F Ts Fs Tu Fu
Perspective- Video-Specified
CFBI (38| ResNet-101 35.8 34.6 44.8 24.2 39.7 19.1 18.2 26.1 12.2 19.8
CFBI+ [38] ResNet-101 41.3 38.0 47.9 32.5 46.9 30.9 30.8 42.7 214 28.5
AFB-URR [14] ResNet-50 34.3 34.8 42.8 24.9 34.5 34.2 28.2 38.8 329 36.8
STCN [5] ResNet-50 52.0 51.2 60.8 41.5 54.5 50.8 43.6 56.5 49.3 53.7
AOTT [39] MobileNet-V2| 65.6 59.4 68.3 59.7 75.0 53.4 49.3 61.6 47.5 55.1
AOTS [39] MobileNet-V2| 67.7 61.2 70.0 62.4 77.1 55.9 53.2 65.1 48.6 57.0
AOTB [39] MobileNet-V2| 67.6 62.3 72.0 61.5 74.8 55.4 53.5 64.2 47.7 56.0
AOTL [39] MobileNet-V2|  66.6 61.4 71.1 59.4 74.3 53.8 50.0 60.3 47.8 57.1
AOTL [39] Swin-Base 62.1 58.9 66.5 54.3 68.8 53.1 49.0 57.8 49.0 56.6
AOTL [39] ResNet-50 65.3 61.9 71.4 56.4 71.6 54.6 52.9 63.2 47.5 54.9
RDE [13] ResNet-50 50.5 49.7 58.4 39.2 54.9 42.5 36.9 46.6 38.5 48.2
XMem [4] ResNet-50 55.7 54.8 63.3 45.2 59.7 53.5 49.5 62.6 47.1 54.8
SAM2 [29] Hiera-T 74.2 64.5 79.4 68.0 85.0 70.6 62.3 79.8 63.8 76.5
SAM2 [29] Hiera-S 71.4 62.3 77.6 65.2 80.3 69.3 62.7 78.0 62.5 74.0
SAM2Long (7| Hiera-T 74.4 63.7 78.6 69.3 86.1 70.9 62.8 79.7 64.2 76.9
SAM2Long (7] Hiera-S 71.9 62.6 78.0 69.8 81.2 69.7 63.1 78.6 62.8 74.3

360-Video-Specified

PSCFormer [36]-B
PSCFormer [36]-L

ResNet-50 74.0 66.4 80.4 66.2 83.0 56.8 49.4 62.7 52.4 62.5
ResNet-50 77.9 70.5 85.2 69.5 86.4 59.9 54.9 69.2 53.0 62.4

Hiera-T 76.111.9 67.4 12.9 83.4 14.0 68.610.6 85.610.6 | 71.911.3 64.812.5 80.510.7 64.310.5 77.8 11.3
Hiera-S 78.116.7 71.218.9 85.618.0 69.113.9 86.716.4|73.414.1 67.975.2 84.016.0 64.411.9 77.413.4

“PanoSAM2 ‘

training is conducted on two NVIDIA A800-80GB GPUs and takes about 50
hours with the Hiera-T [30] backbone. We maintain a long-term memory size
L of 2. For geometric distortion augmentation, the w,,q.; and wy,;, of the pixel
weight are set to 2.0 and 0.5, respectively. For optimization objective, Ay, is 0.5,
Adice 18 0.5, 1.0 for A7, and 0.1 for M.

Evaluation Metrics. We report J, F, and J&F, following standard VOS
metrics. J stands for ToU between the predicted mask and the ground truth,
measuring region overlap ratio. F is computed on mask boundaries, assessing
contour accuracy. J&F averages J and F, providing a composite score for
overall segmentation quality.

4.2 Experimental Results

Results on 360VOTS. Tab. 1 compares the performance of PanoSAM2 with
existing methods on the 360VOTS [34] dataset, covering both VOS models
for perspective videos and approaches tailored for 360-degree videos. The pro-
posed PanoSAM2 demonstrates a clear and consistent improvement over pre-
vious methods, achieving state-of-the-art results across all evaluation metrics.
Specifically, PanoSAM2 with the Hiera-S [30] backbone surpasses the baseline
SAM2 by a significant margin, achieving a J&F score of 65.8, which represents
an impressive improvement of 5.6 points. Also, in the 360-video-specified cat-
egory, PanoSAM2 outperforms the PSCFormer method, whose J&JF achieves
62.5, further highlighting its robustness and superiority in handling complex seg-
mentation tasks. Moreover, Tab. 1 summarizes the computational cost of several
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Table 3: Comparisons of generalization ability between our method pretrained on
360VOTS and prior arts on PanoVOS validation and test dataset. The best results are
shown in bold.

‘ PanoVOS Validation ‘ PanoVOS Test

Method

| J&F T F |g&F g F
PerSAM [42] 19.1 149 235 19.5 15.6 233
SAM-PT |28] 475 414  53.7 41.0 35.7 464
SAM-I2V [19] 48.9  42.8 55.0 40.5 349 46.1
SAM2 [29] 706 634 778 66.3 594 73.2
XMem [4] 52.1 46.9 57.2 | 444 396 49.1

PSCFormer [36] | 69.5 624 765 64.1 583 69.9
“«PanoSAM?2 71.3 63.0 79.5 | 67.9 61.6 74.2

t = 660 t =780

Frame

PSCFormer ~ SAM2

PanoSAM2
(Ours)

Fig. 5: Qualitative comparison between PanoSAM2 and other VOS models.
The orange boxes highlight the areas where the target object straddles the 0°/360°
seam, showing PanoSAM2’s improved segmentation precision in complex scenes at
different time steps.

representative methods. PanoSAM2 builds upon the SAM2 [29] framework with
minimal architectural modification. Despite integrating panoramic-aware mod-
ules, the overall memory cost of PanoSAM2 remains close to its base SAM2
counterparts, increasing only modestly from 3.6G to 3.7G for Hiera-T and from
4.1G to 4.3G for Hiera-S. These results underline PanoSAM?2’s substantial en-
hancement in 360 video segmentation and tracking, positioning it as a powerful
and efficient solution for the 360VOS.

Results on PanoVOS. Tab. 2 presents a comparison between PanoSAM?2
and existing methods on the PanoVOS validation and test datasets. PanoSAM?2
demonstrates substantial improvements over prior techniques, achieving state-
of-the-art performance across multiple evaluation metrics. On the PanoVOS val-
idation dataset, PanoSAM2 (Hiera-S) achieves a J&F score of 78.1, surpassing
the SAM2 baseline by 6.7 points and indicating stronger spatial stability. In
the PanoVOS test dataset, PanoSAM2 (Hiera-S) achieves an outstanding J&F
score of 73.4, improving by 4.1 points over SAM2. Furthermore, PanoSAM2 also
excels SAM2 in the unseen category tracking in terms of 7, and F,,. When com-
pared with other 360VOS methods, PanoSAM?2 also outperforms PSCFormer.
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Fig. 6: Visualization of zero-shot results from PanoSAM2 and other VOS models
on the PanoVOS dataset.
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PanoSAM?2’s result is an improvement over PSCFormer-Base and PSCFormer-
Large in most evaluation metrics. Similar to the findings in the SAM2 paper, our
experiments show that SAM2 (Hiera-T) outperforms SAM2 (Hiera-S), which is
consistent with the observation that smaller models can sometimes outperform
larger ones, as shown in experiments of SAM2’s paper. These results confirm the
effectiveness of PanoSAM2 in handling 360VOS tasks. The performance gains
across multiple metrics demonstrate that PanoSAM2 sets new benchmarks for
360VOS, offering a significant advancement over current methods in the 360VOS
challenge.

Qualitative Comparison. As visualized in Fig. 5, PanoSAM2 shows a clear
advantage on 360VOS task. Unlike SAM2 and PSCFormer, it isolates the target
without distraction from similar objects. PanoSAM2 also maintains accurate
segmentation even in complex scenarios when only a small part of the object
crosses the boundary. This is evident in the highlighted regions, where it suc-
cessfully tracks and segments the intended target, demonstrating robustness to
the unique challenges of panoramic images.

Zero-Shot Comparison. Tab. 3 compares the generalization ability of our
PanoSAM?2 pretrained on the 360VOTS training dataset with other VOS models
on the PanoVOS validation and test datasets. Our model consistently demon-
strates superior performance across evaluation metrics, clearly showing that
PanoSAM?2 possesses strong zero-shot capability and robust transferability, as
further visualized in Fig. 6. We also show the result of PanoSAM2 on the open-
world 360 video taken by ourselves in Fig. 7.
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Table 4: Ablation study on key components of PanoSAM2. The best result is
shown in bold.

PA Decoder LSMM Lonask| T&F T F

59.4 53.9 64.9

v 62.7 57.6 67.8
v 61.6 57.4 65.8

v | 60.1 54.7 65.5

v v v’ |64.3 59.2 69.3

Table 5: Ablation study on innova- Table 6: Impact of using different long-
tive elements of PA Decoder. The term memory sizes in LSMM. The best

best result is shown in bold. result is shown in bold.
PC Block y;;g\y&f J F Long-Term Memory Size L‘.]&]—' J F
62.2 56.3 68.1 w/o 63.4 58.8 68.0
v 63.8 58.7 68.9 1 64.0 59.1 68.9
v 62.9 57.4 68.6 2 64.3 59.2 69.3
v v |64.3 59.2 69.3 3 63.7 59.1 68.3

4.3 Ablation Studies

We conduct a series of ablations on the 360VOTS test set using the Hiera-T
backbone. We vary one factor at a time to assess the contributions of the PA
decoder, LSMM, and the distortion-aware mask loss L.sx. We also examine
model sensitivity to hyperparameters.

Effectiveness of Key Components. Tab. 4 reports performance gains of our
components and Fig. 8 visualizes the effect of these ablation studies. Start-
ing from the SAM2 baseline, the PA decoder provides the largest single boost,
adding +3.3 in terms of J&F, and keeps the tracking seam-consistent. LSMM
alone yields a modest 4-2.2 and prevents object drift. Replacing the naive cross-
entropy mask loss with the distortion-aware L,,,qx lifts J&F from 59.4 to 60.1
(+0.7) and produces a mask with more precise boundary. Enabling all three
components yields a total +4.9. All other settings are held fixed to isolate ef-
fects. These findings highlight specific roles of different components in improving
tracker performance.

Influence of PA Decoder Elements. As shown in Tab. 5, the incorporation
of PC Block alone improves J&F from 62.2 to 63.8 (4+1.6), while the incorpo-
ration of the mask of the last time step yT_lpcmo alone raises it to 62.9 (4-0.7).
When combined, performance increases to 64.3 (+2.1), demonstrating their
complementarity. This indicates that the PC Block enhances seam-consistent
feature aggregation, while YT !pano provides temporal guidance, jointly im-
proving panoramic understanding and boundary consistency.

Impact of Long-Term Memory Size L. Tab. 6 indicates that introducing
long-term memory notably enhances performance, confirming its importance for
stable temporal reasoning. Compared with no LSMM, the best configuration
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Fig.9: Examples of failure cases. Orange bounding boxes highlight and zoom in
on the small mask region.

at L = 2 improves J&F from 63.4 to 64.3 (+0.9), with J and F also rising
to 59.2 and 69.3, respectively. However, when L grows larger (L = 3), the
gain diminishes slightly, suggesting that excessive long-term memory may dilute
short-term information critical for precise memory conditioning.

4.4 Failure Cases

Far Away Object. The first example of Fig. 9 demonstrates a particularly
challenging scenario in which distant objects with highly similar appearances
interact or partially occlude one another. When the target pigeon and another
overlap or move close together, PanoSAM2 occasionally misassigns masks or
swaps identities, as their visual cues provide limited discriminative information.
Fast Motion with Latitude Shift. As illustrated in the second example of
Fig. 9, when the animal rapidly moves upward toward the camera, its position
shifts abruptly from low to high latitudes, causing severe projection distortion.
The previous-frame mask becomes heavily stretched and no longer serves as a
reliable reference, resulting in fragmented predictions of PanoSAM2.

5 Conclusion and Future Work

We introduced PanoSAM?2, a novel 360VOS framework based on our distortion-
and memory-aware adaptation strategies of SAM2 to achieve reliable 360VOS
while retaining SAM2’s user-friendly prompting design. Extensive experiments
demonstrated that PanoSAM2 delivered robust and consistent performance across
diverse 360 datasets. Overall, this work underscored the importance of jointly
modeling geometric distortion, temporal coherence, and memory dynamics when
adapting foundation VOS models to omnidirectional perception, paving the way
toward more reliable and generalizable panoramic video understanding.
Future Work. We will extend PanoSAM2 toward multi-object tracking and di-
verse prompt understanding. While proposed PanoSAM2 handles single-object
segmentation effectively, reasoning over multiple interacting targets remains a
challenging yet valuable direction for real-world scenes. Incorporating richer
prompt types — such as points, boxes, or scribbles — could enable more flexi-
ble interaction, enhancing adaptability across tasks and environments.
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