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Abstract

Referring Video Object Segmentation (RVOS) aims to segment target objects in video
sequences based on natural language descriptions. While recent advances in Multi-
modal Large Language Models (MLLMs) have improved RVOS performance through
enhanced text-video understanding, several challenges remain, including insufficient ex-
ploitation of MLLMs’ prior knowledge, prohibitive computational and memory costs
for long-duration videos, and inadequate handling of complex temporal dynamics. In
this work, we propose SVAC, a unified model that improves RVOS by scaling up input
frames and segmentation tokens to enhance video-language interaction and segmenta-
tion precision. To address the resulting computational challenges, SVAC incorporates
the Anchor-Based Spatio-Temporal Compression (ASTC) module to compress visual
tokens while preserving essential spatio-temporal structure. Moreover, the Clip-Specific
Allocation (CSA) strategy is introduced to better handle dynamic object behaviors across
video clips. Experimental results demonstrate that SVAC achieves state-of-the-art perfor-
mance on multiple RVOS benchmarks with competitive efficiency. Our code is available
at https://github.com/lizhang1998/SVAC.

1 Introduction
Referring Video Object Segmentation (RVOS) [10, 14, 17, 32] is a rapidly evolving task that
aims to segment target objects in a video sequence based on natural language descriptions.
Traditional RVOS methods [10, 17, 25, 48, 51, 54, 56] focus on designing effective fusion
strategies for text and video features to align textual queries with visual content. Recent ad-
vancements [3, 18, 44, 49] leveraging Multi-modal Large Language Models (MLLMs) have
revolutionized RVOS, achieving superior performance through enhanced understanding and
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reasoning capabilities over text and video interactions. By integrating multi-modal inputs
into a unified framework, MLLMs enable robust alignment of dynamic visual content with
complex textual descriptions, setting new benchmarks in RVOS.

Despite the remarkable progress driven by MLLM-based models like Sa2VA [49] and
its predecessors, several critical challenges persist, limiting the scalability and robustness
of RVOS. These include: (1) Insufficient exploitation of MLLMs’ prior knowledge: Ex-
isting approaches [18, 44, 49] often under-utilize the rich prior knowledge within MLLM
due to feeding it only a sparse selection of frames. The resulting limited spatial and tem-
poral information hinders the MLLM’s ability to accurately locate objects referenced in the
text descriptions, as shown in Fig. 1 (a); (2) Prohibitive computational cost and memory
usage for high-resolution, long-duration videos: Processing high-resolution video inputs
places a significant burden on MLLM architectures, especially Transformer-based models
with their quadratic attention complexity. Furthermore, maintaining temporal coherence
across extended video sequences necessitates the costly storage and updating of extensive
feature maps or hidden states, resulting in substantial memory overhead; (3) Inadequate
handling of complex temporal dynamics: Current methods [3, 18, 44, 49] rely on a single
segmentation token to represent object localization throughout the entire video. However,
for objects in rapid motion, a single token is insufficient to capture dynamic changes, as it
cannot adapt to varying object positions and appearances across frames (see in Fig. 1 (b)).

In this work, regarding challenge (1), we observe that scaling up video frames signif-
icantly enhances MLLM performance in RVOS. The previous SOTA model, Sa2VA, only
samples 5 frames from the whole video, often failing to segment objects in the middle por-
tion of the video. By scaling up to 10 or 20 frames by providing richer spatial and temporal
cues, this issue is alleviated. However, as noted in challenge (2), further increasing the frame
number substantially increases computational and memory demands.

To overcome challenge (2), the key lies in reducing the number of visual tokens be-
fore input to LLM. We propose a novel compression method called Anchor-Based Spatio-
Temporal Compression (ASTC in Section 3.3) that optimizes the trade-off between pro-
cessing a larger number of frames and preserving fine-grained details critical for accurate
segmentation. Unlike existing pooling methods [23, 40], which often compromise on spatial
resolution or temporal coherence, and in contrast to merging strategies [21, 46] that necessi-
tate structural modifications to the MLLM, ASTC method divides videos into clips, retaining
the first frame and compressing remaining frames into a single resized composite, preserving
critical spatial-temporal features. It achieves superior memory efficiency, reduced computa-
tional complexity, and enhanced segmentation accuracy without requiring any change to the
model structure, ensuring seamless plug-in compatibility.

Finally, to address the challenge (3) of complex object motion in videos, we scale up
the number of segmentation tokens with the Clip-Specific Allocation (CSA in Section 3.4)
strategy. Previous approaches [3, 18, 44, 49] typically use a single segmentation token per
object through the entire video, which struggles with nuanced temporal dynamics such as
rapid trajectory shifts or occlusions. Our method addresses this by assigning a dedicated
segmentation token to each video clip. This refined strategy significantly enhances segmen-
tation accuracy by more effectively capturing intricate motion patterns within these shorter
temporal segments.

Based on the above discussions, we present SVAC: Scaling up both Video frames with
the ASTC method and segmentation tokens with the CSA strategy. Built upon the Sa2VA
framework, SVAC achieves SOTA performance on multiple RVOS benchmarks. Overall,
our main contributions are summarized as follows:
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• We discover that scaling up video frames input to MLLM signi�cantly boosts its per-
formance in RVOS.

• To mitigate the increased computational and memory demands, we propose Anchor-
Based Spatio-Temporal Compression (ASTC, see Section 3.3) method to reduce visual
tokens prior to being input to LLM. Additionally, to handle complex object motion
in videos, we scale up segmentation tokens with Clip-Speci�c Allocation (CSA in
Section 3.4) strategy, rather than leveraging a single token for the entire video.

• We develop a uni�ed model named SVAC, and extensive experiments show that it
achieves SOTA performance on multiple RVOS benchmarks.

2 Related Work

Multi-modal Large Language Models. The development of Multimodal Large Language
Models (MLLMs) has accelerated rapidly in recent years, enabling uni�ed understanding
and reasoning across vision and language modalities. Early efforts [16, 29, 47, 50] such as
CLIP [29] establish the foundation by learning joint image-text representations through con-
trastive learning. This is followed by models like Flamingo [1], which fuses vision inputs
into frozen large language models (LLMs) using lightweight cross-attention modules. A key
trend in MLLM design is the decoupling of vision encoders and language backbones. Vision
modules such as ViT [12], EVA [13], or CLIP encoders are often paired with powerful LLMs,
including LLaMA [35], ChatGLM [15], Qwen [45], Vicuña [9] and InternLM [6]. These
LLMs provide strong language understanding and generation capabilities, and are typically
aligned with vision features through learned projection layers or Q-formers, as demonstrated
in BLIP-2 [20], LLaVA [26] and others [2, 7, 8, 19, 22, 36, 37, 38, 39, 42, 57]. Among these
MLLMs, we choose InternVL2-5 [8, 11] as our backbone due to its superior performance in
multimodal tasks such as VQA, image captioning, and document understanding.

Referring Video Object Segmentation. Referring Video Object Segmentation (RVOS)
seeks to segment a target object throughout a video based on a natural language expression.
Early approaches [10, 17, 25, 28, 48, 51, 54, 56] explore various fusion modules to inte-
grate visual and linguistic features, achieving improved performance in generating accurate
masks. Subsequent works [43] leverage transformer-based architectures to unify segmenta-
tion and tracking in video, enabling more robust handling of temporal dynamics. With the
advent of MLLM, many works [18, 30, 49, 52, 53] attempt to introduce MLLM into the �eld
of referring segmentation. For instance, LISA [18] proposes reasoning-based segmentation,
while GLaMM [30] curates a new dataset to support region-level captioning and segmenta-
tion tasks. Similarly, VISA [44] enhances segmentation by selecting textrelevant frames for
MLLM processing. More recently, Sa2VA [49] integrates SAM-2 [31] with MLLM, achiev-
ing strong performance across both image and video referring segmentation tasks, as well
as visual question answering (VQA). However, existing methods are limited by processing
only a small number of frames and relying on a single segmentation token, which constrains
the capacity of MLLMs and hinders the modeling of �ne-grained temporal dynamics. In
contrast, our proposed SVAC model employs ASTC to ef�ciently process substantially more
frames, fully harnessing the potential of MLLMs. Additionally, by scaling segmentation to-
kens through CSA, our method captures subtle temporal variations with higher precision.

Compression.Compression techniques for Vision Transformers (ViTs) and Video-Language
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Models (VLMs) aim to reduce token redundancy while preserving performance. A notable
approach, Token Merging (ToMe) [4], employs Bipartite Soft Matching to merge similar to-
kens across ViT layers. However, it often loses �ne-grained details essential for tasks like
Referring Video Object Segmentation (RVOS) and requires intrusive model modi�cations,
reducing its �exibility. Subsequent works like VisionZip [46] and TokenPacker [21] explore
alternative similarity metrics but face similar limitations in detail-sensitive applications. In
contrast, methods like LongVLM [40] and LLaMA-VID [23] use average pooling on vision
tokens post-encoding to achieve compression. While more adaptable, these approaches still
struggle to retain critical details, making them less effective for RVOS. To address these
challenges, we propose ASTC method, which ensures detail preservation in RVOS while
maintaining computational ef�ciency.

3 Method

3.1 Task Description

In this section, we would describe RVOS task more speci�cally. Formally, given a video
sequenceV = f I1; I2; : : : ; ITg, where each frameIt 2 RH� W� 3 represents an RGB image of
spatial resolutionH � W and temporal lengthT, and a referring expressionScomposed of
L words, i.e.,S= f w1;w2; : : : ;wLg, the goal is to predict a sequence of binary segmentation
masksM = f M1;M2; : : : ;MTg, where eachMt 2 f 0;1gH� W corresponds to the pixel-wise
mask of the referred object in frameIt .

The task can be formulated as learning a mapping function:

f : (V;S) ! M (1)

where the modelf learns to align the spatial-temporal visual features of the videoV
with the semantic representation of the referring expressionS, to produce frame-level object
masks that are consistent with both the visual context and the language description.

3.2 Overall Architecture

The overall structure is shown in Fig. 2.
Pretrained MLLM. The core of our structure is a pretrained MLLM, which consists of
three key components: a vision encoder, a projection layer, and a large language model
(LLM). The vision encoder processes input frames, compressed by ASTC model, to extract
compact visual features. These features are then mapped by the projection layer into visual
tokens that align with the text token embedding space, enabling seamless integration with
text tokens. The combined sequence of visual and text tokens is fed into the LLM, which
generates predictions by modeling the joint distribution of multimodal inputs.
Segmentation.To enable precise video segmentation, the system integrates SAM-2 with the
MLLM using a list of <SEG>token as a bridge. The MLLM processes the input sequence
and extracts the hidden states of the<SEG>tokens, which serve as a spatial-temporal prompt
for the SAM-2 Decoder. This prompt provides contextual cues from the multimodal input
to guide segmentation. Meanwhile, the SAM-2 Encoder extracts frame-level features from
the input video frames and feeds them to the Decoder. By combining the MLLM's prompt
with these frame features, the SAM-2 Decoder generates accurate, temporally consistent
segmentation masks across the video.




