
EntitySAM: Segment Everything in Video

Mingqiao Ye1,* Seoung Wug Oh2 Lei Ke3 Joon-Young Lee2
1EPFL 2Adobe Research 3Carnegie Mellon University

Video

SAM2

DEVA

EntitySAM

Frame
0 51 63 66 69 72 87

(Ours)

Figure 1. Zero-shot video entity segmentation performance comparison on VIPEntitySeg dataset using models trained on COCO, showing:
1) SAM 2 [39] using Mask2Former [7] mask prompts for the initial frame, 2) Mask2Former with DEVA [11] association, and 3) our
proposed EntitySAM. Our EntitySAM enhances SAM 2 by automatically segmenting and tracking novel entities without requiring user-
specified prompts, achieving superior performance compared to existing state-of-the-art zero-shot tracking methods.

Abstract

Automatically tracking and segmenting every video entity
remains a significant challenge. Despite rapid advance-
ments in video segmentation, even state-of-the-art models
like SAM 2 struggle to consistently track all entities across a
video—a task we refer to as Video Entity Segmentation. We
propose EntitySAM, a framework for zero-shot video entity
segmentation. EntitySAM extends SAM 2 by removing the
need for explicit prompts, allowing automatic discovery and
tracking of all entities, including those appearing in later
frames. We incorporate query-based entity discovery and
association into SAM 2, inspired by transformer-based ob-
ject detectors. Specifically, we introduce an entity decoder
to facilitate inter-object communication and an automatic
prompt generator using learnable object queries. Addition-
ally, we add a semantic encoder to enhance SAM 2’s se-
mantic awareness, improving segmentation quality. Trained
on image-level mask annotations without category infor-
mation from the COCO dataset, EntitySAM demonstrates
strong generalization on four zero-shot video segmentation
tasks: Video Entity, Panoptic, Instance, and Semantic Seg-
mentation. Results on six popular benchmarks show that
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EntitySAM outperforms previous unified video segmenta-
tion methods and strong baselines, setting new standards
for zero-shot video segmentation. Our code and models are
at github.com/ymq2017/entitysam.

1. Introduction
Video segmentation is an essential task for various appli-
cations in video scene understanding, including video edit-
ing, AR/VR, and robotic perception. There are roughly two
lines of video segmentation approaches. One line of ap-
proaches focuses on selecting semantic thing/stuff from pre-
defined sets [27, 28, 48]. While these methods show strong
performance in the benchmark, the predictions are limited
to a pre-defined class set and the training data domain.

Another line of approaches works by initialing the infor-
mation about the target object. The most common approach
in this group is semi-supervised video object segmentation
(VOS) which tracks a given mask in the first frame. The re-
cent SAM 2 [39] also falls into this group. SAM 2 general-
izes the VOS task by taking multiple prompt types, includ-
ing masks, boxes, and clicks similar to image segmentation
methods [19, 22], and enables interactive video segmenta-
tion. Trained on large-scale training data, SAM 2 shows
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strong zero-shot broad-domain selection capability.
Despite recent progress, a significant challenge remains

in selecting and tracking all entities from a video—a task
we term Video Entity Segmentation, which aims to seg-
ment any distinct group with coherent semantic meaning.
While SAM 2 is an effective model for tracking each indi-
vidual entity, we identified two limitations in selecting all
entities: (1) It initializes tracking from user prompts so it
cannot track unmarked entities and new entities appearing
in different frames, as shown in Figure 1. (2) It tracks each
entity independently which is not only inefficient and can
lead to less optimal results (e.g., mask overlapping).

In this paper, we propose EntitySAM, an extension of
SAM 2 for zero-shot video entity segmentation. EntitySAM
retains the zero-shot potential of SAM 2 while eliminat-
ing the need for explicit prompts for each entity and en-
abling seamless integration of new entities during tracking.
Inspired by transformer-based object detectors [5, 6, 42],
we sophisticatedly integrated query-based object discovery
and association into SAM 2 making minimal changes to the
original structure. To be specific, we replace the original
mask decoder with a new entity decoder and introduce an
automatic prompt generator that generates SAM 2 consum-
able prompts from learnable object queries. In this way,
we can preserve most of the pre-trained SAM 2 weights.
The proposed entity decoder differs from the original SAM
2 mask decoder in that it enables inter-entity communica-
tion to predict multiple entity masks without overlaps. An-
other notable addition to SAM 2 is a semantic encoder. We
empirically find that SAM 2 encoder has a weak semantic
awareness and supplementing semantic information using
an external feature encoder greatly boosts the performance.

We train EntitySAM on the COCO dataset [23] without
using any category annotation and evaluate it on various
zero-shot video segmentation tasks. First we introduce a
video entity segmentation task. Video entity segmentation
is class-agnostic, focusing on the segmentation and track-
ing of “entities” rather than predefined object categories.
For this, we re-purpose the video panoptic segmentation
dataset [28] by removing category annotation. In addition
to this, we evaluate our method on multiple video instance
and semantic segmentation benchmarks in zero-shot setting.
Experimental results show that EntitySAM greatly outper-
forms previous unified video segmentation models [52] and
strong baselines that combine an image detector [7] and a
mask propagator [11]. Moreover, our method can be easily
adapted to class-specific video panoptic segmentation by in-
tegrating state-of-the-art vision-language models [1].

2. Related Works
Taxonomy of Video Segmentation Tasks Video seg-
mentation tasks can be broadly categorized into class-
specific and class-agnostic paradigms. Class-specific tasks,

such as Video Instance Segmentation [36, 42, 48], Video
Semantic Segmentation [30, 40], and Video Panoptic Seg-
mentation [20, 28], operate within a closed vocabulary, seg-
menting “thing” or “stuff” categories based on predefined
labels throughout video sequences.

In contrast, class-agnostic tasks, such as Video Object
Segmentation (VOS) [34, 46], rely on prompt-based guid-
ance. Unlike image-level prompts, video prompts typically
require initial mask input in the first frame for temporal
propagation. Recent work, such as SAM 2 [39], demon-
strates that large-scale pre-training can generalize VOS to
zero-shot applications. However, its reliance on explicit
prompts becomes inefficient when tracking multiple dense
objects with frequent occlusions or reappearances.

Recent advances have expanded video segmentation to
open-world and open-vocabulary paradigms. The BURST
dataset [3] introduces annotations across 482 diverse cat-
egories with a focus on thing-level segmentation, while
UVO [13] takes a class-agnostic open-world approach,
treating all video objects as a single category without pre-
defined labels. Entity Segmentation [26, 37] has shown
promising generalization to novel categories at the image
level, but extending this approach to video introduces sig-
nificant challenges for zero-shot evaluation. To bridge this
gap, we propose Video Entity Segmentation, a new task
aimed at segmenting entities across video sequences with-
out relying on predefined categories or explicit prompts.
This approach extends image-level entity understanding to
maintain temporal consistency across frames, enabling gen-
eralized handling of novel categories in a zero-shot setting.
By avoiding rigid class definitions, our framework provides
greater flexibility, particularly beneficial for real-world ap-
plications with unknown or fluid category boundaries.
Query-based Video Segmentation Query-based video
segmentation models are widely used for dense prediction
tasks, including video instance [6, 14, 17, 18, 42–44] and
semantic segmentation [2, 21]. Inspired by detection trans-
formers [5], these methods use queries to represent object
information and apply cross-attention with image features
to generate segmentation masks, demonstrating effective-
ness in video instance segmentation. Temporal association
is achieved through either direct query matching [17, 45] or
additional tracking modules [15]. While effective in con-
trolled scenarios, these query-based methods without ex-
plicit memory propagation struggle with long or complex
video sequences due to challenges in modeling long-term
temporal dependencies [36].
Memory-based Video Segmentation Memory-based
methods [9, 24, 31, 33, 47, 49, 50] are effective in Video Ob-
ject Segmentation [4, 12, 46, 46], using initial ground truth
masks as prompts. Memory features are stored in memory
banks for segmentation in subsequent frames, excelling in
long-term video tracking [8, 10]. SAM 2 [39] validates the
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generalizability of memory-based designs but processes ob-
jects separately, limiting efficiency and lacking inter-object
communication. Recent works have attempted to integrate
query-based and memory mechanisms, such as Cutie [10]
for object-level VOS and UniVS [29] for multi-task infer-
ence. However, joint training of memory and query mod-
ules is computationally challenging for long videos. Our
EntitySAM addresses these issues by leveraging SAM 2’s
frozen memory encoder and introducing a novel query-
based entity decoder for efficient joint training, combining
the strengths of both approaches.

3. Method
We present EntitySAM for Video Entity Segmentation, en-
abling automatically segmenting and tracking all entities in
the video sequence. By integrating query and memory-
based video segmentation designs, EntitySAM handles
multi-object tracking with inter-object communication and
object-level contextual information. In Section 3.1, we first
introduce the Video Entity Segmentation task, which offers
improved generalization and reduced annotation complex-
ity compared to other video segmentation tasks, such as
Video Instance / Panoptic / Object Segmentation. In Sec-
tion 3.2, we provide an overview of SAM 2’s architecture
and key characteristics. Section 3.3 details the architectural
design of our EntitySAM based on SAM 2, highlighting our
enhanced feature fusion and decoding mechanisms, along
with comprehensive training and inference protocols.

3.1. Video Entity Segmentation

Video Entity Segmentation aims to segment and track all
entities within video sequences using a class-agnostic ap-
proach. In this context, an “entity” encompasses both thing
and stuff categories, representing any distinct group with
coherent semantic meaning. The task requires continuous
tracking and segmentation of these entities through tempo-
ral sequences, with annotations represented as tube masks
that capture the spatial-temporal evolution of each entity.

Specifically, given an input video sequence I ∈
RT×H×W×3, both annotations and predictions consist of
N non-overlapping masklets Mi

N
i=1, where each masklet

Mi ∈ 0, 1T×H×W . For predictions, the task addition-
ally requires a confidence score si ∈ [0, 1] associated with
each masklet. Under the non-overlapping constraint, these
N masklets can be merged into a single video sequence
M ∈ NT×H×W , where each pixel value represents the cor-
responding prediction ID.

For evaluation, we first review traditional Video Panoptic
Quality (VPQ), which computes metrics per category:

V PQ =
1

|C|
∑
c∈C

∑
t IoUc,t

TPc + 0.5× FPc + 0.5× FNc
(1)

To better evaluate video entity segmentation, we propose

Table 1. Comparison of Different Video Segmentation Tasks

Task
Category Inference

Things Stuff Automatic Prompt Cross-Dataset Zero-shot

Video Instance Seg. ✓ ✓ ✓
Video Semantic Seg. ✓ ✓ ✓
Video Object Seg. ✓ ✓ ✓
Video Panoptic Seg. ✓ ✓ ✓ ✓
Video Entity Seg. ✓ ✓ ✓ ✓ ✓

Video Entity Quality (VEQ), a class-agnostic metric that as-
sesses performance across temporal sequences:

VEQ =

∑
t IoUt

TP + 0.5× FP + 0.5× FN
(2)

VEQSQ =

∑
t IoUt

TP
(3)

VEQRQ =

∑
t TP

TP + 0.5× FP + 0.5× FN
(4)

where IoUt represents the temporal intersection over union
across frames, measuring both spatial accuracy and tem-
poral consistency. Here, TP , FP , and FN are com-
puted globally across all entities without category differen-
tiation. For consistency with Video Panoptic Segmentation
evaluation, we also implement a class-agnostic variant of
the STQ (Segmentation and Tracking Quality) metric, de-
noted as STQEN , which emphasizes tracking consistency
across frames. The formulation of VEQ provides a more
direct assessment of video-level segmentation and tracking
performance while eliminating the complexity of category-
specific evaluation. Moreover, this class-agnostic approach
reduces annotation requirements, enables large-scale train-
ing, and enhances model generalizability across datasets,
particularly for open-vocabulary and zero-shot scenarios.

As illustrated in Table 1, Video Entity Segmentation
presents distinct advantages compared to existing video
segmentation paradigms: Unlike Video Object Segmenta-
tion, it operates automatically and accommodates multiple
dynamic objects. In contrast to Video Instance Segmen-
tation, it extends beyond foreground objectness to include
background entities. Compared to Video Semantic Segmen-
tation, it provides instance-level annotations. Unlike Video
Panoptic Segmentation, it adopts a class-agnostic approach
that eliminates the constraint of pre-defined category vocab-
ularies. This unified entity representation allows both thing
and stuff categories to be learned jointly and subsequently
classified using external Vision Language Models, enabling
advanced open-vocabulary evaluation and reasoning-based
segmentation tasks.

3.2. Method Background: SAM 2

SAM 2 [39] extends the Segment Anything model [22] to
encompass both image and video domains. Through an it-
erative process of data annotation and model training, SAM
2 leverages both manual and automated datasets generated
by its data engine. For video segmentation functionality,
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Figure 2. (a) Overview of the EntitySAM framework. EntitySAM utilizes the frozen encoder and memory parameters from SAM 2,
incorporating a dual encoder design for enhanced semantic features (Section 3.3.1). The PromptGenerator (Section 3.3.2) automatically
generates prompts from Prompt Queries. The enhanced features and distinct query groups are processed by the EntityDecoder (Sec-
tion 3.3.3) to produce video mask outputs. (b) Self-attention and cross-attention mechanisms in EntityDecoder layers.

SAM 2 incorporates a classical memory mechanism to fa-
cilitate object tracking.

The architecture processes video input through multi-
ple stages: initially, a multi-scale Image encoder extracts
frame-level features, which then undergo cross-attention
with previous video-level memory features to derive per-
mask temporal information. Concurrently, input prompts
are processed through a dedicated prompt encoder to gener-
ate prompt encodings. These various features and prompts
are integrated through cross-attention mechanisms and dy-
namic convolution operations within the mask decoder to
generate mask outputs. The model maintains temporal co-
herence by encoding and storing mask sequences in a mem-
ory bank, which updates frame-by-frame and feeds into
memory attention for processing subsequent frames.

Through extensive training on 35M manual and auto-
mated mask annotations, SAM 2 shows exceptional zero-
shot performance across various video object segmenta-
tion benchmarks, including DAVIS [35], YTVOS [46],
LVOS [16], and MOSE [12]. However, SAM 2 exhibits no-
table limitations: it requires initial mask/prompt specifica-
tion at the sequence start and cannot effectively accommo-
date new objects introduced during tracking. Moreover, the
model’s efficiency deteriorates when handling large num-
bers of concurrent objects, indicating challenges in scaling
to more complex scenarios with multiple dynamic objects.

3.3. EntitySAM

Coupled with the proposed Video Entity Segmentation task,
we present EntitySAM, a novel model that achieves strong
zero-shot video entity segmentation performance while re-
quiring only image-level class-agnostic entity annotations.
As illustrated in Figure 2, our model preserves the memory-
based architecture of the original SAM by freezing both
the pretrained image encoder and memory-related modules,
thus retaining its advantages in long-term tracking of ob-
jects. Meanwhile, EntitySAM comprises three learnable
components: Dual Visual Encoder, EntityPromptGenerator,

and EntityDecoder. The following sections will detail these
architectural components.

3.3.1 Dual Visual Encoder

Our EntitySAM leverages the frozen Segment Anything
Model 2 (SAM 2) image encoder as its backbone, as well
as its frozen memory encoder and memory attention lay-
ers. The frozen design preserves SAM 2’s zero-shot fea-
ture extraction capabilities, which were developed through
training on extensive video object tracking datasets. Addi-
tionally, freezing the memory encoder substantially reduces
GPU memory requirements during the training of multiple
dense entity tracking in video sequences.

Although SAM 2 exhibits impressive performance
across multi-granularity class-agnostic segmentation tasks,
we reveal its limitations in maintaining consistent entity-
level representations as in Table 9. Specifically, SAM 2
struggles to generate reliable confidence scores for entity
classification, where an ‘entity’ refers to a semantically co-
herent group. Thus in addition to the original SAM 2’s
backbone feature, we integrate the backbone features from
DINOv2 [32], which produces consistent feature represen-
tations for semantically similar regions by large-scale self-
supervised training.

As illustrated in Figure 2, EntitySAM incorporates DI-
NOv2 through a linear projection layer, aligning its feature
dimensionality with that of SAM 2. The aligned features are
then concatenated and fed into the decoder to form a fused
representation. This enhances the encoded visual represen-
tation by preserving the zero-shot capabilities for video en-
tity segmentation while effectively mitigating SAM 2’s lim-
itations in entity-level understanding.

3.3.2 Automatic Prompt Generator

In SAM 2’s architecture, the prompt encoder plays a cru-
cial role in image-level segmentation, where input prompts,
such as points and bounding boxes, are processed to gen-
erate prompt embeddings for decoder segmentation. How-
ever, in video-level operations, SAM 2 bypasses the prompt
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encoder, focusing solely on object tracking using historical
memory features. To extend the model’s capability for new
entity tracking in video sequences, EntitySAM incorporates
prompt embeddings during video training.

Our EntitySAM implements a prompt generator utiliz-
ing learnable queries that perform cross-attention with en-
hanced visual features to predict input prompts for the
prompt encoder. The resulting prompt embeddings are sub-
sequently fed into the decoder at each frame to localize both
existing and novel entities within the video sequence. Con-
currently, this module predicts an entity confidence score,
denoted as S(entity), which performs binary classification
between foreground entities and background regions.

More formally, let Q ∈ RN×D represent the learnable
queries and F ∈ RHW×D denote the enhanced visual fea-
tures, where N is the number of queries, D is the fea-
ture dimension, and H,W are spatial dimensions. The
prompt generation and scoring process can be expressed
as: A = CrossAttention(Q,F), P = FCprompt(A), and
S = FCscore(A), where A ∈ RN×D is the cross-attention
output, P ∈ RN×D′

represents the generated prompts with
D′ matching the expected prompt dimension required by
the prompt encoder, and S ∈ RN×1 denotes the entity con-
fidence scores.

3.3.3 Entity Mask Decoder

The Entity Mask Decoder predicts output masks based
on enhanced features in Section 3.3.1 and the learnable
prompts through a multi-stage processing pipeline in Sec-
tion 3.3.2. It employs two groups of batched queries: mask
queries Qm ∈ RN×1×C and IoU queries Qiou ∈ RN×1×C ,
where N denotes the number of entities and C represents
the feature dimension. These queries are concatenated
with input prompts for self-attention to facilitate inter-entity
communication. These queries are subsequently reshaped
for cross-attention operations between token and image rep-
resentations. In the final layer, mask queries undergo dy-
namic convolution with upsampled mask features to gener-
ate output masks, while IoU queries are processed through
a dedicated prediction head to estimate conditioned IoU
scores. The computational flow can be formalized as:

[Q′
m,Q′

iou] = SelfAttention(concat(Qm;Qiou))

where concat(Qm;Qiou) ∈ R1×2N×C

Fout = CrossAttention(reshape(Q′
m,Q′

iou), F )

where reshape(Q′
m,Q′

iou) ∈ RN×2×C .
(5)

The supervision mechanism integrates outputs from both
the prompt generator (entity scores) and mask decoder
(masks and conditioned IoU predictions) through Hungar-
ian matching with ground truth annotations. The expected

IoU for query q can be expressed as:

E(IoUq) = E(IoUq|Entq)S(Entq) + E(IoUq|¬Entq)S(¬Entq)

= E(IoUq|Entq)S(Entq),
(6)

where S(Entq) represents the entity confidence score from
PromptGenerator in Section 3.3.2 and E(IoUq|¬Entq) = 0.

The resulting output masks are processed through the
frozen memory encoder, memory bank, and memory atten-
tion mechanisms, with gradient computation detached for
memory-related components. This enables efficient training
of the queries-based tracking component while maintain-
ing frozen memory modules. Consequently, our approach
achieves scalable training for over 50 entities in 8-frame
video clips, significantly surpassing SAM 2’s original ca-
pacity of handling only 3 video objects during training.

3.3.4 Training Loss and Open-Vocabulary Inference

We employ an end-to-end training objective for EntitySAM,
formulated as:

L = LMask + λ1LEntity + λ2LIoU, (7)

where L supervises both mask prediction and binary entity
classification, following the Mask2former framework [7].
The hyperparameters λ1 and λ2 balance the respective loss
terms and are empirically set to 1.0 and 1.0.

During inference, EntitySAM accommodates both class-
agnostic and class-specific evaluation protocols. For class-
agnostic scenarios, entity masks are directly generated and
merged based on confidence scores and mask overlap met-
rics. In class-specific evaluation, we select the frame with
the highest entity confidence score for each masklet predic-
tion. The predicted entity masks are utilized to crop corre-
sponding regions of interest, which, together with carefully
designed prompts containing candidate category names, are
processed through GPT-4o [1] for final classification. We
demonstrate in the supplementary materials that this mask-
guided cropping approach achieves superior classification
performance compared to alternative methods.

4. Experiments
4.1. Experimental Setup

Datasets Video entity segmentation typically requires ex-
tensive class-agnostic dense entity video segmentation an-
notations. Although it eliminates the need for class-specific
annotations, creating frame-by-frame annotations remains
labor-intensive. Inspired by [51, 52], our training pipeline
leverages COCO [23] panoptic segmentation data without
category label annotation (denoted as COCO∗) and extends
it to pseudo-video sequences. Our approach utilizes only
image-level annotations, eschewing video-level labels, to
achieve effective video entity segmentation. The pipeline
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also enables zero-shot cross-dataset evaluation across mul-
tiple benchmarks. We demonstrate our model’s versatil-
ity through comprehensive zero-shot evaluations on vari-
ous tasks: video panoptic segmentation on VIPSeg [28],
video semantic segmentation on VSPW [27], video instance
segmentation on Youtube-VIS 2019 [48], Youtube-VIS
2021 [48], and OVIS [36], and video entity segmentation
on our proposed VIPEntitySeg dataset—a class-agnostic
variant of VIPSeg. Notably, all zero-shot evaluations are
performed using a single trained model, demonstrating its
robust zero-shot generalization capabilities across different
video segmentation tasks and datasets.
Implementation details In our experimental setup, we
employ two backbone architectures: ViT-Small and ViT-
Large. The models are trained using the AdamW optimizer
with a learning rate of 5 × 10−5 and weight decay of 0.05.
Input images are cropped to 1024×1024 pixels for compati-
bility with SAM 2 ViT/16 and 896×896 pixels for DINOv2
ViT/14. Training is conducted with a batch size of 8. The
loss function combines multiple components: cross-entropy
and dice losses for mask prediction, L1 loss for IoU pre-
diction, and focal loss for binary entity classification. Our
training strategy consists of two phases: initial training on
static COCO images for 40K iterations, followed by train-
ing on COCO pseudo-video sequences with clip length 8 for
10K iterations. Both stages are class-agnostic. During in-
ference, we utilize a single entity category output mode with
confidence scoring. Video entity quality (VEQ) is evaluated
in a class-agnostic manner. For class-specific evaluation
tasks, we implement a multi-step process: first selecting the
highest-confidence mask from the masklet for each predic-
tion, then extracting the corresponding frame region within
the mask, and finally employing GPT-4o for classification.

4.2. Zero-shot Comparison

Zero-shot Video Entity Segmentation In Table 2
(left), we evaluate our approach on VIPEntitySeg using
class-agnostic metrics against several baseline methods.
For SAM 2, we adopt two prompting manners, a grid
point prompt sampling initialization and a COCO-trained
Mask2Former [7] mask prompts initialization. We ad-
ditionally compare against state-of-the-art zero-shot seg-
mentation models, including: 1) FC-CLIP [51] integrated
with MinVIS [17] association, 2) DEVA [11] coupled with
COCO-trained Mask2Former [7] for per-frame segmenta-
tion, and 3) OV-DVIS++ [52] in both online and offline
modes. All these SOTA models were trained on COCO with
category annotations, with DEVA utilizing additional exter-
nal datasets for its association model. We compare with
these methods on our class-agnostic VIPEntitySeg bench-
mark. Our EntitySAM achieves significant performance
improvements over all baselines and SOTA models with
both ViT-Small and ViT-Large backbones, despite training

without category annotations. This superior performance
demonstrates the effectiveness of our class-agnostic train-
ing approach and proposed modules. Notably, we observe
substantial improvements in VEQRQ, indicating enhanced
cross-frame entity identification and reduced false positives.
Figure 3 further illustrates our model’s robustness by eval-
uating VEQ across varying frame intervals, demonstrating
that EntitySAM maintains consistent performance over ex-
tended temporal sequences.

Regarding the class-agnostic STQEN metric, which
emphasizes tracking performance, DEVA achieves higher
scores through its tracking association model trained on ex-
ternal video object segmentation datasets. However, DEVA
relies on a two-stage pipeline of detection followed by as-
sociation, lacking end-to-end integration. While our ap-
proach achieves lower scores, it delivers comparable per-
formance through a streamlined process that requires only
COCO training data and single-pass inference.
Zero-shot Video Panoptic Segmentation In Table 2
(right), we extend our evaluation to VIPSeg for class-
specific video panoptic segmentation. Several base-
line models, including Mask2Former and DEVA, are
constrained to VIPSeg evaluation due to their closed-
vocabulary nature. When compared to open-vocabulary
models such as FC-CLIP and OV-DVIS++, our approach
demonstrates substantial improvements, particularly with
the ViT-Small backbone. These results validate our ap-
proach of “post-classification with multimodal models”, in-
dicating that it surpasses traditional open-vocabulary seg-
mentation training pipelines despite operating without cat-
egory annotations. Our EntitySAM achieves competitive
performance on both class-agnostic and class-specific tasks,
suggesting that category annotations may not be essential
for effective open-vocabulary video segmentation.
Zero-shot Video Semantic Segmentation Table 3
presents our results on video semantic segmentation, ob-
tained by merging per-pixel mask predictions. Our method
achieves improvements in both mean Intersection over
Union (mIoU) and Video Consistency (VC) metrics. The
VSPW evaluation dataset, which contains the same video
content but with extended frame sequences, validates our
model’s capability for effective long-term tracking.
Zero-shot Video Instance Segmentation As shown in
Table 4, we evaluate EntitySAM on three popular video
instance segmentation datasets. Our approach on extend-
ing video entity segmentation to video instance segmenta-
tion requires no model retraining—we simply add a back-
ground/stuff class during inference and filter out predictions
with that class to obtain instance results. Our model demon-
strates significant performance improvements over state-of-
the-art open-vocabulary video instance segmentation mod-
els. In particular, on the challenging OVIS dataset, which
features frequent occlusions, our model maintains robust
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Table 2. Comparison of Zero-shot Video Entity Segmentation (left) and Video Panoptic Segmentation (right) on COCO → VIPSeg
evaluation. EntitySAM is trained on the COCO dataset without category annotations. In VIPSeg, − means the results of open-vocabulary
evaluation for closed-vocabulary models are not available. ∗ denotes that DEVA is trained with multiple external video object segmentation
datasets for the temporal association model.

Method Backbone Class Agnostic VIPEntitySeg VIPSeg
Training VEQ VEQSQ VEQRQ STQEN VPQ VPQTh VPQSt STQ

SAM 2.1 [39] (Everything Init) ViT-S ✓ 26.9 82.5 32.6 38.7 -
SAM 2.1 [39] (Mask2former Init) ViT-S + ResNet50 46.2 83.6 55.2 34.5 -
DEVA∗ [11] ResNet-50 49.0 83.6 58.6 42.4 -
FC-CLIP [51] ResNet-50 41.5 84.0 49.4 29.7 22.3 25.5 19.1 19.7
OV-DVIS++(Online) [52] ResNet-50 45.9 83.7 54.8 33.6 24.4 26.8 22.4 22.0
OV-DVIS++(Offline) [52] ResNet-50 46.7 82.8 56.3 35.6 23.8 26.4 21.4 24.4
Ours ViT-S ✓ 51.8 84.7 61.1 41.0 28.7 32.9 25.1 31.4

SAM 2.1 [39] (Everything Init) ViT-L ✓ 30.5 83.1 36.7 41.7 -
SAM 2.1 [39] (Mask2former Init) ViT-L + Swin-L 50.6 84.4 60.0 39.1 -
DEVA∗ [11] Swin-L 50.8 83.8 60.6 45.3 -
FC-CLIP [51] ConvNext-L 43.4 84.8 51.2 32.4 27.9 30.9 25.0 24.2
OV-DVIS++(Online) [52] ConvNext-L 49.4 83.5 59.2 37.9 28.9 31.3 26.8 28.4
OV-DVIS++(Offline) [52] ConvNext-L 49.0 83.1 59.0 40.0 30.4 31.9 29.1 32.2
Ours ViT-L ✓ 54.6 84.7 64.5 43.3 31.4 37.5 26.0 33.5

Table 3. Zero-Shot Open-vocabulary Video Semantic Segmen-
tation on COCO → VSPW. EntitySAM is trained on the COCO
dataset without category annotations.

Method Backbone Class Agnostic VSPW
Training mVC8 mVC16 mIOU

FC-CLIP [51] ResNet-50 84.9 82.7 24.3
OV-DVIS++(Online) [52] ResNet-50 92.7 91.5 27.6
OV-DVIS++(Offline) [52] ResNet-50 92.4 91.3 28.4
Ours ViT-S ✓ 94.0 93.0 34.6

FC-CLIP [51] ConvNext-L 89.9 88.4 28.9
OV-DVIS++(Online) [52] ConvNext-L 94.2 93.3 34.3
OV-DVIS++(Offline) [52] ConvNext-L 93.9 93.0 34.1
Ours ViT-L ✓ 94.6 93.7 35.5

performance, benefiting from the entity learning strategy
employed during training.

4.3. Ablation Experiments

We perform ablation studies using the ViT-Small backbone
on the COCO → VIPEntitySeg video entity segmentation
task with zero-shot protocol to evaluate the effectiveness of
our proposed modules.
Ablation on the Proposed Modules Table 5 presents
ablation studies of our proposed modules. Our baseline,
SAM 2 with memory-based tracking modules, cannot gen-
erate predictions automatically without appropriate prompt-
ing. Using grid-point sampling leads to numerous false pos-
itive predictions, achieving a VEQ of only 26.9. Removing
the memory design and implementing solely a query-based
EntityDecoder with query association for tracking improves
performance to 41.3, though this remains suboptimal. Com-
bining memory-based and query-based approaches signif-
icantly enhances performance to 50.2, surpassing both
DEVA and OV-DVIS++. Finally, incorporating a comple-
mentary DINOv2 dual feature encoder achieves the best re-
sult (51.8) for the ViT-Small backbone.
Ablation on Query Design As illustrated in Figure 2, our
design incorporates three query types: two groups in Enti-
tyDecoder and one group in PromptGenerator. Our abla-
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Ours

Figure 3. VEQ comparison with different evaluation time inter-
vals. EntitySAM improves over long intervals.

tion experiment of query design in Table 6 reveals that us-
ing a single query group to predict all outputs (mask, IoU,
and confidence score) yields suboptimal performance with a
VEQ of 49.2. Adding a second group of prompt queries im-
proves performance to 49.7. Further separation into a third
query group for distinct mask and IoU prediction achieves
the best performance of 51.8. These results suggest that dif-
ferent query groups learn specialized distributions for their
respective prediction tasks, departing from traditional de-
tection transformers’ shared-query architecture.
Ablation on EntityDecoder Depth Table 7 studies the
influence of the entity decoder’s depth layer. For the ViT-
Small backbone, a decoder depth of 4 achieves optimal per-
formance with a VEQ of 51.8 on COCO → VIPSeg setting.
Further increasing decoder depth shows no additional per-
formance benefits.
Ablation on Training Stages As detailed in Section 4.1,
our training process consists of two stages: initial training
on single images (treated as zero-length videos) followed by
training on pseudo video clips of length 8. During the first
stage, the memory component remains unused while the
EntityDecoder learns to identify new entities in each image.
Table 8 shows that this image-only training achieves lim-
ited video entity segmentation performance with a VEQ of
31.4. However, this stage exposes the model to diverse en-
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Table 4. Zero-Shot Open-vocabulary Video Instance Segmentation on COCO → Validation sets of YouTube-VIS 2019, 2021, and OVIS.
EntitySAM is trained on the COCO dataset without category annotations.

Method Backbone Class Agnostic Youtube-VIS 2019 Youtube-VIS 2021 OVIS
Training AP AP50 AP75 AR1 AR10 AP AP50 AP75 AR1 AR10 AP AP50 AP75 AR1 AR10

Detic[53]-OWTB[25] ResNet-50 17.9 - - - - 16.7 - - - - 9.0 - - - -
MindVLT[41] ResNet-50 23.1 - - - - 20.9 - - - - 11.4 - - - -
FC-CLIP [51] ResNet-50 28.9 43.9 29.9 32.4 41.2 25.5 40.0 26.8 28.0 37.0 11.8 25.1 10.5 8.5 16.4
OV-DVIS++(Online) [52] ResNet-50 34.5 50.6 39.2 39.5 49.5 30.9 46.7 34.8 34.4 45.8 14.8 31.2 13.1 10.5 24.7
OV-DVIS++(Offline) [52] ResNet-50 34.4 51.8 39.2 40.0 50.6 31.0 48.5 34.3 34.6 46.8 13.0 28.4 10.9 9.8 25.1
Ours ViT-S ✓ 44.9 60.7 49.5 43.6 62.4 38.8 52.5 43.1 36.2 56.5 21.0 35.8 20.8 12.3 36.0

Table 5. Ablation Study on the Proposed Modules.

Model Memory EntityDecoder Dual Visual VEQEncoder

SAM 2 [39] ✓ 26.9

Ours
✓ 41.3

✓ ✓ 50.2
✓ ✓ ✓ 51.8

Table 6. Ablation Study on Query Design.

EntityDecoder PromptGenerator COCO → VIPSeg
VEQ VEQSQ VEQRQ

Shared Queries 49.2 84.0 58.6
Shared Queries ✓ 49.7 84.2 59.0

Separate Queries ✓ 51.8 84.7 61.1

Table 7. Ablation Study on EntityDecoder Depth.

Decoder Decoder depth COCO → VIPSeg
VEQ VEQSQ VEQRQ

EntityDecoder

2 51.3 84.7 60.5
4 51.8 84.7 61.1
6 51.6 84.6 61.0
8 51.1 84.4 60.6

tities, and when combined with the subsequent video train-
ing stage—which aligns EntityDecoder with memory en-
coders—performance improves substantially to 51.8 VEQ.
This two-stage approach outperforms training exclusively
on pseudo video sequences.

Ablation on Dual Encoder In Section 3.3.1, we intro-
duced encoder feature fusion designs for dual encoders. As
shown in Table 9, our ablation studies reveal that incorpo-
rating features from either CLIP [38] or SAM [22] along-
side the SAM 2 encoder features yields no improvement in
zero-shot performance. This can be attributed to CLIP’s vi-
sion encoder being optimized for classification rather than
segmentation tasks, resulting in representations less suit-
able for segmentation. Similarly, SAM, being trained with
an approach analogous to SAM 2, provides features that
largely overlap with SAM 2’s capabilities rather than of-
fering complementary information. In contrast, DINOv2,
trained through self-supervision, demonstrates significant
benefits when combined with SAM 2. Its self-supervised
training enables DINOv2 to learn consistent image repre-
sentations that effectively complement SAM 2’s supervised
features, ultimately enhancing the overall performance.

Table 8. Ablation Study on Training stages.

Model Image Pseudo Video COCO → VIPSeg
VEQ VEQSQ VEQRQ

Ours
✓ 31.4 79.4 39.5

✓ 49.2 84.2 58.4
✓ ✓ 51.8 84.7 61.1

Table 9. Ablation Study on Dual Encoder Feature.

Encoder Feature Dual Encoder COCO → VIPSeg
VEQ VEQSQ VEQRQ

SAM 2

- 50.2 84.5 59.4
SAM [22] 47.6 84.2 56.5
CLIP [38] 49.2 84.0 58.6

DINOv2 [32] 51.8 84.7 61.1

4.4. Qualitative experiments and visualization

Figure 4 demonstrates our model’s performance on zero-
shot video sequences, showcasing consistent entity track-
ing and segmentation across frames. Additional qualitative
results are provided in the supplementary materials.

Figure 4. Visualization of zero-shot video entity segmentation.

5. Conclusion
We present EntitySAM, a framework that integrates query
and memory mechanisms to enhance SAM 2 for zero-
shot video entity segmentation. Our approach eliminates
the need for user-defined prompt inputs and enables auto-
matic tracking of new entities across frames. Trained ex-
clusively on COCO image-level mask annotations without
category information, EntitySAM achieves superior perfor-
mance on the Video Entity Segmentation task. The model
demonstrates strong generalization capabilities across var-
ious zero-shot evaluations, including Video Panoptic / Se-
mantic / Instance Segmentation. These results provide valu-
able insights into class-agnostic training approaches and
their effectiveness in zero-shot scenarios.
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