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Abstract

Referring video object segmentation (RVOS) aims to seg-
ment objects in a video according to textual descriptions,
which requires the integration of multimodal information
and temporal dynamics perception. The Segment Anything
Model 2 (SAM 2) has shown great effectiveness across vari-
ous video segmentation tasks. However, its application to
offline RVOS is challenged by the translation of the text
into effective prompts and a lack of global context aware-
ness. In this paper, we propose a novel RVOS framework,
termed MPG-SAM 2, to address these challenges. Specifi-
cally, MPG-SAM 2 employs a multimodal encoder to jointly
encode video and textual features, generating semantically
aligned video and text embeddings along with multimodal
class tokens. A mask prior generator is devised to utilize the
video embeddings and class tokens to create pseudo masks
of target objects and global context. These masks are fed
into the prompt encoder as dense prompts, along with mul-
timodal class tokens as sparse prompts to generate accu-
rate prompts for SAM 2. To provide the online SAM 2 with
a global view, we propose a hierarchical global-historical
aggregator, which allows SAM 2 to aggregate global and
historical information of target objects at both pixel and
object levels, enhancing the target representation and tem-
poral consistency. Extensive experiments on several RVOS
benchmarks demonstrate the superiority of MPG-SAM 2
and the effectiveness of the proposed modules. The code
is available at hitps://github.com/rongfu-dsb/MPG-SAM?2.

1. Introduction

Referring video object segmentation (RVOS) [23, 29, 32,
47] aims to segment the target objects in a video according
to textual descriptions. This task, combining video segmen-
tation [21] and language comprehension, necessitates not
only proficiency in segmentation and inter-frame informa-
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Figure 1. Comparison of two SAM 2 adaptations for RVOS. (a)
vanilla SAM 2, (b) our MPG-SAM 2.

tion propagation, as in traditional video object segmentation
(VOS) [1, 6, 34], but also a robust understanding of the tex-
tual reference within the broader video context. The core
challenges of RVOS thus lie in efficiently aligning multi-
modal information and maintaining temporal consistency.

Recently, the Segment Anything Model (SAM) [19] and
its variants [17, 49, 57] have demonstrated significant im-
provements in efficiency and accuracy for promptable seg-
mentation in images, leveraging robust segmentation abili-
ties and interactive prompts. SAM 2 [38] extends prompt-
able segmentation from the image to the video domain by
introducing a memory mechanism to enhance temporal con-
sistency, achieving remarkable performance in VOS. How-
ever, its application to RVOS presents several challenges.

First, the inherent absence of textual prompts in SAM
2’s architecture hinders the delivery of accurate prompts
that align with the provided textual descriptions, as shown
in Fig. 1 (a). Although some efforts have explored this area,
further improvement is still needed. For instance, RefSAM
[25] projects text embedding into sparse and dense prompts
for SAM, but the independently encoded text prompts may
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not fully capture visual semantics, limiting the effective use
of SAM’s segmentation capability. AL-Ref-SAM 2 [16]
employs GPT-4 and Grounding DINO [27] to translate tex-
tual information into a box prompt of the target object, but
the multi-stage pipeline heavily depends on the upstream
model’s spatio-temporal reasoning ability, with substantial
model parameters constraining deployment and inference
efficiency of the model. Therefore, how to effectively align
the vision-language features and provide accurate prompts
to guide the decoding process is essential for adapting SAM
2 to RVOS. Second, the online-mode SAM 2 only has a
historical view and cannot provide a global perspective for
offline-mode RVOS, which may affect the global alignment
of multimodal information and the temporal consistency of
target objects. Consequently, effectively injecting global
context information of the target objects into SAM 2 is cru-
cial for RVOS.

To address these challenges, this paper introduces MPG-
SAM 2, a novel end-to-end RVOS framework adapted from
SAM 2. As illustrated in Fig. 1 (b), our core innovation lies
in generating precise prompts and global context through
aligned video-text features for injection into SAM 2. Specif-
ically, we first employ an existing multimodal encoder to
jointly encode input video and text, producing semanti-
cally aligned video and text embeddings, and multimodal
class tokens. Then, we devise a novel mask prior genera-
tor, which leverages the video embeddings and multimodal
class tokens to create the pseudo masks of target objects for
each frame in the video, serving as dense prompts of SAM 2
that provide strong positional guidance for mask decoding.
Additionally, following [58], we sent the multimodal class
tokens to the prompt encoder as the sparse prompts after a
multilayer perceptron (MLP). By combining the powerful
dense and sparse prompts, accurate prompts are provided to
the mask decoder for better performance.

To introduce the global context of target objects into
SAM 2, we design a hierarchical global-historical aggre-
gator that allows SAM 2 to aggregate global context and
historical information of target objects at multiple levels
before mask decoder. Here, the global context primarily
comes from the global video feature generated by the mask
prior generator. The aggregator consists of pixel and object-
level fusion modules. In the pixel-level module, the cur-
rent image feature interacts sequentially with the historical
features in the memory of SAM 2 and the global context,
thus enhancing the pixel-level target representation from
various perspectives. Similarly, in the object-level module,
the mask tokens aggregate target representation information
from the global video feature and historical mask tokens in
memory to generate the object tokens for the mask decoder.

Experimental results on several RVOS benchmarks
demonstrate the state-of-the-art performance of our model
and the effectiveness of our proposed modules. The main

contributions of this work can be summarized as follows:

* We propose a novel RVOS framework, MPG-SAM 2,
adapted from SAM 2 by introducing mask prior-based
dense prompt and multi-level global context fusions,
achieving cutting-edge performance on several RVOS
benchmarks.

* We devise a mask prior generator that leverages the global
video feature and multimodal class tokens to produce
pseudo masks of target objects, providing the prior po-
sition cues as dense prompts for SAM 2 to enhance the
mask decoding.

* We develop a hierarchical global-historical aggregator
that integrates global context and historical memory in-
formation of target objects into SAM 2 at both pixel and
object levels. This module enables the online SAM 2 to
have a global view and enhances the target representation
and temporal consistency.

2. Related work

Referring Video Object Segmentation. RVOS attracts ex-
tensive interest as it bridges visual and linguistic domains.
Early methods, such as RefVOS [2], consider RVOS as
an expansion of referring image segmentation (RIS) to the
video domain. URVOS [40] advances this by combining
RIS and semi-supervised video object segmentation within
a unified framework using attention mechanisms. In sub-
sequent studies [12, 24, 31, 43, 45], researchers emphasize
cross-modal interaction [13, 48], further enhancing RVOS
performance. However, despite notable gains, the computa-
tional expense and complexity of multi-stage pipelines limit
practical feasibility. In response, query-based Transformer
architectures [22] offer efficient solutions with simplified
yet robust frameworks. Notably, MTTR [3] and Refer-
Former [47] pioneer the use of the DETR series [5, 59]
in RVOS, introducing novel multimodal interaction mech-
anisms. Recent methods [23, 29, 32, 35, 41] refine these
Transformer architectures through advanced temporal and
multimodal feature integration techniques. For instance,
SgMg [32] enhances ReferFormer by replacing dynamic
convolution with a segmentation optimizer and uses spectral
information to guide visual feature fusion. SOC [29] imple-
ments layered temporal modeling across video and object
levels, achieving early multimodal fusion. More recently,
Losh [55] introduces a joint prediction network for short
and long sentences, reducing the over-influence of action
and relational cues in segmentation. VD-IT [60] explores
the potential of text-to-video diffusion models in the RVOS
task, leveraging the inherent rich semantics and coherent
temporal correspondences of video generation models to
ensure temporal instance consistency. To tackle longer se-
quences and complex scenarios in the MeViS [11] dataset,
DsHmp [15] proposes a static text decoupling strategy, en-
hancing the temporal understanding of static and dynamic
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Figure 2. The overview of the proposed MPG-SAM 2. It mainly consists of four parts: the multimodal encoder, the mask prior generator,
the hierarchical global-historical aggregator, and the SAM 2. The mask prior generator generates pseudo masks of target objects as the
dense prompts of SAM 2 and produces the global video feature as the global context. The global-historical aggregator aggregates the target
information from the global context and memory features to enhance the target representation of pixel-level image features and object-level
object tokens. The mask-text similarity loss constrains the correlation between object masks and textual features.

content at both frame and object levels, thereby capturing
both short-term and long-term motion insights.

Segment Anything Model. SAM [19] is an interactive seg-
mentation model capable of generating non-semantic masks
based on various prompts. Trained on a large-scale dataset,
SAM exhibits strong generalization across a wide range of
common objects. Several variants [17, 49, 57] have focused
on improving the segmentation accuracy and computational
efficiency of SAM. Moreover, SAM has found widespread
application in various fields, including video tracking [8],
remote sensing image interpretation [39, 42], and medi-
cal image processing [56]. Recently, SAM 2 [17] extends
SAM to the video domain, achieving state-of-the-art per-
formance. Despite its excellence in visual segmentation
tasks using box, point, or mask prompts, SAM lacks lan-
guage comprehension capabilities and cannot directly han-
dle referring segmentation tasks. With the advancement of
multimodal large language models (MLLMs), recent ap-
proaches [20, 37, 50] utilize MLLMs to encode textual
guidance for SAM segmentation. Specifically, LISA [20]
fine-tunes LLaVA [26] to generate multimodal features by
extracting hidden embeddings based on specific prompts. u-
LLaVA [50] extends this approach to enable joint multi-task
processing at region and pixel levels. GLaMM [37] inte-
grates the visual grounding task and incorporates language
responses to provide multi-granular segmentation prompts
to the model. Most recently, EVF-SAM [58] introduces

a lightweight pre-fusion architecture that employs joint
visual-language encoding to generate high-quality textual
prompts, leading to excellent segmentation performance.

3. Method

3.1. Overview

The overview of our proposed MPG-SAM 2 is illustrated
in Fig. 2. MPG-SAM 2 consists of four primary compo-
nents: the multimodal encoder, the proposed mask prior
generator, the devised hierarchical global-historical aggre-
gator, and the SAM 2. Given a video sequence V = {It}thl
with T' frames and its corresponding textual description
& = {el}lel with L words, the multimodal encoder first
performs joint encoding independently across frames, ex-
tracting the multimodal [CLS] tokens, the video patch em-
beddings and the text embeddings. Simultaneously, the im-
age encoder of SAM 2 independently extracts video frame
features. The mask prior generator receives the video patch
embeddings and multimodal [CLS] tokens, generates the
global video feature and produces prior masks for each
frame. These prior masks along with the multimodal [CLS]
tokens, serve as the prompts for SAM 2. The hierarchical
global-historical aggregator integrates the global video fea-
ture, text embeddings, and the historical mask features and
tokens from SAM 2’s memory to hierarchically enhance
the target representations of pixel-level image features and
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object-level object tokens. Finally, SAM 2’s decoder per-
forms online decoding based on the provided prompts, ob-
ject tokens, and current image features to obtain precise ob-
ject masks for the current frame.

3.2. Feature Extraction

Aligning the visual-linguistic space is essential for RVOS.
Following EVF-SAM [58] and Shared-RIS [54], we employ
the unified BEiT-3 [44] encoder to jointly encode video and
language features. Each input frame I, € RHm>xWmx3 jg
partitioned into non-overlapping patches V,, € RVv* (p"x3),
which are subsequently projected into the feature space as
V, € RNoxD A visual class token V5 is prepended, fol-
lowed by the addition of learnable positional embeddings
Vpos» forming the final visual representation Vj. In parallel,
the textual input of length L is tokenized via XLMRoberta-
Tokenizer [9], producing T},y, with a class token T;;s and
an end-of-sequence token 7.,, appended. Positional em-
beddings T}, are incorporated to obtain the text represen-
tation Ty € RV %P where N; = L + 2. The final joint rep-
resentation (G is constructed by concatenating the visual
embeddings Vj and textual embeddings Tj. The process is
formally expressed as:

‘/0 = [V::lsv Vp] + Vp087
Ty = [Tclsv Tiok, Tend] + Tp057 (D)
Go = [Vo;To) € R®@ot+Ni+1)xD

Following multimodal fusion through multiple attention
blocks, the joint visual-text embedding is fed into modality-
specific feed-forward neural network (FFN) for vision and
text. We ultimately obtain the joint visual-text embed-
dings G € RT*NotNiA1)xD for the entire video, which
are then decomposed into the multimodal [CLS] tokens
Vs € RTXIXD yideo patch embeddings V € RT*NexD,
and text embeddings 7' € RT*Nitx D,

Meanwhile, the SAM 2 image encoder performs frame-
independent encoding on each input video frame Iy €
RH:xWsx3 For the i-th frame, a set of hierarchical multi-
scale features is extracted for mask generation, with the im-
age feature of final layer F; € R¢ > 16 xC serving as the
input for the subsequent decoding process, where H,, W,
and C denote the height and width of the input image, and
the channel of SAM 2 image encoder, respectively.

3.3. Mask Prior Generator

Despite the demonstrated effectiveness of semantic align-
ment between video patch embeddings V' and text embed-
dings 7', we identify two critical limitations in the cur-
rent framework: (1) SAM 2’s video features F' inherently
lack linguistic context, resulting in a semantic gap with
text representations, and (2) the frame-agnostic character-
istic of [CLS] tokens restricts their ability to model tempo-
ral dependencies across video sequences, often leading to

segmentation artifacts including object misalignment and
temporal inconsistency. To mitigate these limitations, we
introduce a novel approach that generates frame-specific
pseudo mask priors through the fusion of [CLS] tokens with
language-enhanced video patch embeddings. These dynam-
ically generated priors provide precise pixel-level guidance,
significantly enhancing the SAM 2’s decoding process.

As illustrated in Fig. 2, we start by establishing inter-
frame interaction among the video patch embeddings for
each frame. Frame-agnostic video patch embeddings are
temporally and spatially unfolded into video embeddings
V' e RIT*No)xD which are subsequently fed into the
multi-head self-attention layer and FFN to model the spa-
tiotemporal context across the 7' x N, dimension, learning
pixel-wise inter-frame global correlations. Afterward, the
[CLS] tokens for each frame are similarly flattened across
the spatiotemporal dimensions, resulting in video class em-
beddings V;, € R(T*D*P_ To generate frame-consistent
mask priors while enriching the class embeddings with vi-
sual context, we employ a multi-head cross-attention to fa-
cilitate spatiotemporal interaction between the video class
embedding and the video patch embeddings. Here, the
video class embeddings Vclls serve as queries, and the video
embeddings V' act as keys and values. The whole process
could be formulated as follows:

V' =R(V) + MHSA(R(V)), .
V.1, = R(Vias) + MHCA(R(Vezs), V')

where R(-) denotes the reshape operation, MHSA and
MHCA represent multi-head self-attention and cross-
attention, respectively.

The preceding steps establish inter-frame coherence in
both video patch embeddings V' and class embeddings V;s.
The class embeddings V,;,, jointly encoded with visual and
linguistic modalities, effectively represent the intersection
of visual and textual information, specifically the object de-
noted in the text. Therefore, after the video class embed-
dings V,, are broadcast to match the dimensions of the
video embeddings V', element-wise multiplication is per-
formed. The resulting embeddings are then processed by
a MLP layer to generate the global video feature V, en-
riched with object information. Simultaneously, dimen-
sionality reduction is applied to both the video and class
embeddings. The video embeddings are reshaped into fea-
ture maps with dimensions % x W The class embed-
dings Vs, representing foreground information, are multi-
plied element-wise with these reshaped video embeddings
representing global features. This product is subsequently
passed through the mask producer, which consists of a MLP

layer, to generate the frame-specific mask priors M, €
Hm o Wm .
RTX 72> 72" This process could be formulated as follows:
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gator.

V, = MLP(V' -V},). M, = MLP(V,). ()

Then, the global video feature V is input into the hier-
archical global-historical aggregator to provide global ob-
ject context, and the mask priors M, are supplied as dense
prompts to the prompt encoder of SAM 2.

3.4. Hierarchical Global-Historical Aggregator

Unlike VOS that primarily relies on past information,
RVOS emphasizes the effective utilization of both tempo-
ral and textual cues. Inspired by [7], we propose a hierar-
chical global-historical aggregator that synergistically com-
bines SAM 2’s memory mechanism with multi-level tempo-
ral modeling, enabling comprehensive integration of global
context and historical segmentation results at both pixel-
wise and object-centric levels. As shown in Fig. 3, the hi-
erarchical global-historical aggregator comprises two com-
ponents: the pixel-level fusion module and the object-level
fusion module.

The pixel-level fusion module processes the current
frame’s image feature F; through a two-stage attention
mechanism. First, memory attention is performed with
historical mask features and mask tokens from the mem-
ory bank, enhancing the target representation with localized
temporal information, resulting in the locally enhanced fea-
ture F;. Subsequently, F; undergoes global multi-head at-
tention with the global unified features V,,, which are gener-
ated by concatenating compressed global video features V/,
with corresponding text features. Although text features are
encoded independently for each frame, their semantic con-
sistency across the video sequence enables them to serve
as global context. The final output of this module, the en-

hanced frame feature Fj,, is obtained through the add &
layer norm operation and a FFN layer, effectively combin-
ing local and global information.

In the object-level fusion module, the mask tokens of
the current frame 7,,, first engage in cross-attention with
the global video feature V; from the mask prior genera-
tor. After the add & layer norm operation and a FFN layer,
the globally enhanced mask tokens T,, undergo another
cross-attention operation with historical mask tokens from
the memory bank. This process yields the final object to-
kens T’y 4 that incorporate both global context and histori-
cal information through another round of add & layer norm
operation and a FFN layer.

The enhanced object tokens T}, are then fed into the
mask decoder, replacing the original mask tokens, while the
enhanced frame features Fj, are simultaneously processed.
The object queries, composed of sparse prompts and en-
hanced object tokens, along with the text-enriched frame
features Fyg, collectively enable a more accurate mask de-
coding process. This dual enhancement strategy ensures
that both the object queries and video features are infused
with comprehensive temporal and textual information, sig-
nificantly improving the segmentation accuracy.

3.5. SAM 2 Prompt Encoder and Mask Decoder

In MPG-SAM 2, the prompt encoder processes two dis-
tinct types of prompts: sparse prompts and dense prompts.
For the sparse prompts, following EVF-SAM [58], we
project the [CLS] tokens Vs from the multimodal encoder
through a token MLP and then concatenate them with zero-
initialized sparse tokens to form the sparse prompts. The
dense prompts are generated by upsampling the mask pri-
ors M,, from the mask prior generator through linear inter-
polation, ensuring spatial alignment with SAM 2’s feature
dimensions.

The SAM 2 mask decoder is designed to utilize both
prompt types synergistically: (1) the sparse prompts, con-
catenated with object tokens, form the object-level queries
for the decoder, while (2) the dense pixel-level prompts are
element-wise added to the video frame features, providing
direct guidance from high-resolution feature layers.

While the original SAM 2 architecture does not inher-
ently support concurrent processing of both prompt types,
our modifications enable effective integration of multi-
modal sparse embeddings and dense pseudo mask priors.
This architectural enhancement significantly improves the
mask decoder’s capability to interpret text-referenced ob-
jects, which is crucial for RVOS performance.

3.6. Training Loss

MPG-SAM 2 employs an overall loss function similar to
that of [47] to constrain the predicted mask as follows:

L= )\dicecdice + )\focal‘cfocal + )\simﬁsirru (4)
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here, Lg;ce is the DICE loss [33], £ocai represents the bi-
nary mask focal loss and Lg;,,, denotes the mask-text simi-
larity loss, detailed as follows.

Mask-text Similarity Loss. In the context of the RVOS
task, evaluating the similarity between the segmentation
mask and the ground truth mask is essential. However, in
addition to the traditional mask-based evaluation criteria, a
mask-text loss function can also be introduced to assess the
segmentation results. The similarity between the text and
mask can serve as an additional evaluation metric. Specifi-
cally, We use sentence embeddings T as the abstract repre-
sentation of the text embeddings 7', which is dimensionally
compressed to a singular scalar through MLP layers, sub-
sequently expanded to match the dimensions of the mask,
and utilized as an output to calculate the pixel-level simi-
larity Sy, between the text and the predicted mask M., as
well as the pixel-level similarity Sy, between the text and
the ground truth mask Mg;:

Stp = fcos(MLP(Ts)7 Mpre)7

5
Stg = fcos(MLP(Ts)7 Mgt)7 ( )

where f.,s denotes the cosine similarity function. Subse-
quently, MSE loss is employed to enforce pixel-level con-
straints between Sy, and Sy :

N
1
Lsim = N ;(Stpi — Sig:)% (6)

where N represents the number of pixels in the whole video.

4. Experiments

4.1. Datasets and Metrics

Datasets. The experiments are performed on several key
RVOS datasets: Ref-YouTube-VOS [40], MeViS [11] and
Ref-DAVIS17 [18]. Ref-YouTube-VOS is a widely recog-
nized and large-scale dataset in the field of RVOS, con-
taining 3471 videos with 12913 expressions in the training
set and 202 videos with 2096 expressions in the validation
set. MeViS, a newly established dataset, focuses on mo-
tion analysis, consisting of 2,006 videos with 28,570 anno-
tations. Ref-DAVIS17 builds on the DAVIS17 [36] dataset
with additional linguistic annotations for diverse objects,
comprising 90 videos.

Evaluation Metrics. We adhere to the standard evaluation
framework outlined in [40], employing metrics such as re-
gion similarity .7, contour accuracy JF, and their combined
average J &F to evaluate our model on the validation sets
of Ref-Youtube-VOS, MeViS and Ref-DAVIS17. Due to
the absence of publicly accessible ground truth annotations
for the Ref-Youtube-VOS and MeViS validation set, we uti-
lize the official server to submit our predictions and obtain
the evaluation results.

4.2. Implementation Details

Model Settings. We initialize the relevant modules of SAM
2 and the multimodal encoder using the SAM 2-Hiera-
Large [38] and BEiT-3-Large [44] pre-trained weights. For
feature parsing, each image is resized to resolutions of
1024 x 1024 and 224 x 224, serving as the input to SAM 2
image encoder with an output dimension C' of 256, and the
multimodal encoder with an output dimension D of 1024,
respectively. In the hierarchical global-historical aggrega-
tor, the patch size p, for the global video feature in pixel-
level fusion is set to 2. Both the pixel-level fusion layer
number NV, and object-level fusion layer number N, are set
to 1. The memory bank is configured similarly to SAM 2
[38], with a maximum storage capacity of 7 historical mask
features and 16 mask tokens.

Training Details.  Experiments are conducted on 8
NVIDIA A800 GPUs for the MeViS [11] dataset due to its
high memory requirements stemming from dataset-specific
configuration and on 8 NVIDIA GeForce RTX 4090 GPUs
for the remaining datasets. The MeViS dataset experiments
follow settings similar to [15], with 8 frames as input for
training, and are trained directly on this dataset without any
pre-training on RefCOCO/+/g [30, 53]. Training is per-
formed for 6 epochs using the AdamW optimizer [28], set at
a learning rate of 2e-6. For the Ref-YouTube-VOS [40] and
Ref-DAVIS17 [18] datasets, we adopt an approach similar
to [32, 47], first pre-training on the RefCOCO/+/g [30, 53]
for 10 epochs, followed by fine-tuning on Ref-YouTube-
VOS for 6 epochs. The batch size during pre-training is
set to 8, with a learning rate of le-5, while fine-tuning use
a batch size of 1, a learning rate of 2e-6, and 5 frames
as input. To better align with the pre-trained parameters
of other modules, we set a learning rate of 5e-5 for both
the hierarchical global-historical aggregator and the mask
prior generator. The trained model is then validated on the
Ref-DAVIS17 dataset without additional training. The loss
weights for different losses are set as follows: Afocar = 2,
)\dice = 5, and )\sim = 2.

4.3. Comparison with State-of-the-Art Methods

Ref-YouTube-VOS & Ref-DAVIS17 sets. We compare our
MPG-SAM 2 approach with several state-of-the-art meth-
ods, as shown in Tab. 1. Our approach outperforms all ex-
isting methods on both datasets. On the Ref-YouTube-VOS
[40] dataset, we achieve 73.9% J &F, surpassing the best
methods DsHmp [15] by 6.8% J&JF and LoSh [55] by
6.7% J&F. Even compared to methods using additional
training data, our model performs competitively, exceed-
ing MUTR [52] by 5.5% J&JF. On the Ref-DAVIS [18]
dataset, our method achieves 72.4% J&F, outperforming
VD-IT [60] by 3.0% J&F and surpassing VISA [51] by
2.0% J&F, which is trained on additional datasets. All
comparison methods use the optimal configuration to high-
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Table 1. Comparison with state-of-the-art methods on the Ref-
YouTube-VOS and Ref-DAVIS17 datasets. The best results are
highlighted in bold, and the second best results are underlined.

Method Reference Ref-YouTube-VOS Ref-DAVIS17
J&F J F |J&F J F
ReferFormer [47] | CVPR’22 | 629 613 64.6| 61.1 58.1 64.1
OnlineRefer [46] | ICCV’23 | 62.9 61.0 64.7| 624 59.1 65.6
HTML [14] ICCV’23 | 63.4 61.5 652 62.1 592 65.1
SgMg [32] ICCV’23 | 657 639 67.4| 63.3 60.6 66.0
TempCD [41] ICCV’23 | 658 63.6 68.0| 646 61.6 67.6
SOC [29] NIPS’23 | 66.0 64.1 679 | 642 61.0 674
LoSh [55] CVPR’24| 672 654 69.0| 643 61.8 66.8
DsHmp [15] CVPR’24| 67.1 650 69.1| 649 61.7 68.1
MUTR [52] AAAT24 | 684 664 704 | 68.0 648 71.3
VD-IT [60] ECCV’24| 66.5 644 685| 694 662 72.6
VISA [51] ECCV’24| 630 614 64.7| 704 67.0 73.8
MPG-SAM 2 - 739 717 76.1| 724 68.8 76.0

Table 2. Comparison with state-of-the-art methods on the MeViS
dataset. Our model achieves the best performance.

Method ‘ Reference ‘ TJ&F J F

URVOS [40] ECCV’20 27.8 25.7 29.9
LBDT [12] CVPR’22 29.3 27.8 30.8
MTTR [4] CVPR’22 30.0 28.8 31.2
ReferFormer [47] CVPR’22 31.0 29.8 322
VLT+TC [10] TPAMI’22 35.5 33.6 37.3
LMPM [11] ICCV’23 37.2 342 40.2
VISA [51] ECCV’24 44.5 41.8 47.1
DsHmp [15] CVPR’24 46.4 43.0 49.8
MPG-SAM 2 - 53.7 50.7 56.7

light model performance.

MeViS set. We also conduct comparative experiments be-
tween our MPG-SAM 2 and existing methods including
URVOS [40], LBDT [12], MTTR [4], ReferFormer [47],
VLT+TC [10], LMPM [11], VISA [51] and DsHmp [15],
on the MeViS [11] dataset, with results documented in
Tab. 2. On this dataset, our method achieves a J&F score
of 53.7%, surpassing the current state-of-the-art method
DsHmp by 7.3% J &F, demonstrating the effectiveness of
our approach in leveraging temporal information.

Fig. 4 presents the visual comparison of our MPG-SAM
2 model with SgMg [32] on Ref-YouTube-VOS dataset.
The results clearly demonstrate that MPG-SAM 2 consis-
tently surpasses SgMg, especially in prediction accuracy
and maintaining frame-to-frame consistency.

Although MPG enables spatiotemporal self-interaction
on video embeddings, its computational and memory over-
head remains acceptable due to BEiT-3’s small embedding
size (14x14). MPG and HGA together add 1.3G to memory
and introduce 21M parameters, which is reasonable. For a

Table 3. Ablation study of different components of MPG-SAM 2
on Ref-YouTube-VOS dataset.

Method | Lsim MPG HGA | J&F  J F

Bascline 694 675 713
MPG-SAM 2 v 703 683 722
MPG-SAM 2 v v 719 698 739
MPG-SAM 2 v v 723 701 744
MPG-SAM 2 v v v 739 717 761

detailed analysis of the overall model parameters, please re-
fer to the appendix.

4.4. Model Analysis

In this section, we conduct comprehensive ablation experi-
ments to examine the effects of the key components of our
MPG-SAM 2 and the influence of various model config-
urations. All experiments are carried out using the Ref-
Youtube-VOS dataset.

Components Analysis. To explore the influence of the
key components of our model, we first construct a base-
line model consisting solely of SAM 2 and the multimodal
encoder. We improve the video baseline over image-based
referring segmentation by (1) providing per-frame prompts
(Pper) instead of only the first frame and (2) using the SAM
2 memory mechanism (Mem) instead of frame-independent
segmentation. As shown in Tab. 4, these enhancements lead
to the baseline by 10.4% J&F and 3.2% J&F, respec-
tively.

After that, as depicted in Tab. 3, we first add the mask-
text similarity loss (Lg;m) to the baseline, resulting in a
0.9% J&F improvement. Building on this, we introduce
the mask prior generator (MPG), and the special MPG-
SAM 2 achieves 71.9% J&F, which is 1.6% higher than
the previous model. While only the hierarchical global-
historical aggregator (HGA) is imposed on the baseline with
Lsim, the J&F score of the special MPG-SAM 2 reaches
72.3%, indicating a 2.0% improvement and further vali-
dating the module’s superiority. With all components in-
tegrated, our MPG-SAM 2 delivers the best performance
of 73.9% J&F. Note that the memory mechanism is ex-
cluded from HGA during performance calculations; when
the MPG module is omitted, only the mask prior is not gen-
erated, while the global video feature production remains.
Mask Prior Generator. In this section, we investigate
different spatiotemporal interaction forms within the mask
prior generator (MPG), with results presented in Tab. 4.
When the overall spatiotemporal self-interaction (Sg;) of
video embeddings is omitted, MPG-SAM 2 experiences
a performance drop of 0.6% J&JF. Similarly, when the
spatiotemporal cross-modal interaction (S.;) between the
[CLS] tokens and video embeddings is excluded, the model
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Query: a zebra to the left of the frame

Figure 4. Visualization result on Ref-YouTube-VOS. (a) SgMg [32], (b) MPG-SAM 2. MPG-SAM 2 effectively ensures the global
spatiotemporal consistency of masks, reducing objects misalignment and drift.

Table 4. Model analysis of different settings in MPG-SAM 2.

Method \ Settings | J&F J F
Settings of Baseline

Baseline w/o Pper 59.0 57.5 60.6
Baseline w/o Mem 66.2 64.5 67.9
Baseline W Pper & Mem 69.4 67.5 71.3
Interaction Mode of MPG

MPG-SAM 2 w/o S 73.3 71.2 75.4
MPG-SAM 2 w/o S¢; 73.5 71.4 75.6
MPG-SAM 2 wSs; & Se; 73.9 71.7 76.1
Patch Size of HGA

MPG-SAM 2 1 73.2 71.0 75.4
MPG-SAM 2 2 73.9 71.7 76.1
MPG-SAM 2 4 73.6 71.4 75.7
Global Video Feature of HGA

MPG-SAM 2 Vanilla 73.1 71.1 75.1
MPG-SAM 2 Masked 73.9 71.7 76.1

performance decreases by 0.4% J&JF. These findings
highlight the importance of understanding video informa-
tion from a global spatiotemporal perspective during the
mask prompt generation process.

Hierarchical Global-Historical Aggregator. The impact
of different settings of hierarchical global-historical aggre-
gator (HGA) is also worth noting. First, we examine the
effect of patch size p, in the pixel-level fusion process for
the global video feature, experimenting with patch sizes 1,
2, and 4. As shown in Tab. 4, the patch size of 2 yields
the best model performance. This configuration achieves
an optimal balance between critical and redundant informa-
tion during pixel-level fusion, allowing for more effective
integration of global context.

Additionally, we explore different configurations for
the global video feature input to the hierarchical global-
historical aggregator. One straightforward approach named
“Vanilla” employs the video embeddings directly output by
the multimodal encoder as the global feature. An alterna-
tive approach dubbed “Masked” leverages a video feature
enriched with mask prior information. Results in Tab. 4 in-
dicate that video features containing mask information are
more beneficial for global context integration, as they bet-
ter emphasize global frame mask information to guide the
segmentation of the current frame.

5. Conclusion

In this paper, we present MPG-SAM 2, an innovative end-
to-end framework for RVOS, to address the challenges of
adapting SAM 2 to the RVOS task. Our approach utilizes
a unified multimodal encoder to jointly encode video and
textual features, generating semantically aligned video and
text embeddings, along with multimodal class tokens. The
video embeddings and class tokens are employed by a mask
prior generator to create pseudo masks of target objects,
offering strong positional cues as dense prompts for SAM
2’s mask decoder. To address SAM 2’s lack of global con-
text awareness in offline RVOS, we introduce a hierarchical
global-historical aggregator. This enables SAM 2 to inte-
grate global context and historical information of target ob-
jects at both pixel and object levels, enhancing the target
representation and temporal consistency. Extensive exper-
iments on several RVOS benchmarks demonstrate the su-
periority of our MPG-SAM 2 over state-of-the-art methods
and validate the effectiveness of our proposed modules.
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