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Abstract
The Segment Anything Model 2 (SAM2) has established a
new benchmark for high-precision image and video segmen-
tation, offering significant potential for a wide range of com-
puter vision tasks. Despite its impressive performance, the
model’s substantial computational and memory requirements
present a significant obstacle to its practical deployment on
resource-constrained devices. In this paper, we introduce a
novel framework for optimizing SAM2 through two syner-
gistic, importance-driven strategies: quantization and mem-
ory management. Specifically, an Importance-driven Mixed-
Precision Quantization scheme, which analyzes the sensitiv-
ity of each layer using a Weight-Activation Importance Score,
is employed to enable a targeted bit-width assignment, pre-
serving model accuracy by keeping critical layers at higher
precision. Then, the Selective Importance-driven Synthesis
(SIS) mechanism is proposed to address the inefficient ac-
cumulation of redundant data in the memory bank. SIS in-
telligently compresses the memory by identifying the most
contextually similar historical frames and synthesizing them
into a single, representative feature, thereby preserving in-
formational diversity while enhancing temporal context un-
derstanding. Extensive experiments on the COCO and SA-
V benchmarks validate our approach, showing that our opti-
mized model consistently outperforms state-of-the-art quan-
tization methods. Our work provides a principled framework
for the co-design of quantization and dynamic memory man-
agement, offering a practical path toward deploying powerful
video segmentation models in real-world applications.

Introduction
Large-scale foundation models have largely propelled recent
advancements in visual segmentation, with SAM2 (Ravi
et al. 2024) representing a significant milestone in this evo-
lution. These models demonstrate remarkable performance
across diverse tasks due to their extensive pre-training and
sophisticated architectures. However, the substantial com-
putational demands of these models present significant chal-
lenges for real-world deployment, particularly in resource-
constrained environments with limited memory and process-
ing power. For segmentation tasks, these limitations pose
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Figure 1: A comparison of our proposed efficient framework
(right) against the original SAM2 (left). Our method com-
bines Importance-driven Mixed-Precision Quantization and
Selective Importance-driven Synthesis to address the origi-
nal model’s high latency and memory footprint while main-
taining high performance.

significant hurdles, as achieving both fine-grained spatial
preservation and high computational efficiency is paramount
for real-world deployment.

To address these challenges, significant efforts have been
made to adapt large models for edge deployment. Mo-
bileSAM (Zhang et al. 2023) reduces the encoder’s com-
putational load with a lightweight TinyViT architecture
(Khan et al. 2022; Wu et al. 2022), FastSAM (Zhao et al.
2023) reframes the problem for an efficient object detector,
and TinySAM (Shu et al. 2025) employs knowledge dis-
tillation to train a smaller model. Another prominent ap-
proach is quantization (Nagel et al. 2021), which converts
a model’s floating-point parameters into low-bit representa-
tions. As a practical approach, Post-Training Quantization
(PTQ) (Frantar et al. 2022; Li et al. 2023; Dettmers et al.
2023; Huang et al. 2024b) achieves this by calibrating the
network with a small, unlabeled dataset, thus avoiding costly
retraining.PTQ4SAM (Lv et al. 2024)successfully applying
it to the original SAM. Despite its promise, current quanti-
zation methods often rely on uniform bit-widths (Ren et al.
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2025) or static mixed-precision schemes (Tang et al. 2022;
Dong et al. 2019), overlooking the dynamic importance of
different network components during inference.

In addition to model quantization, memory manage-
ment, which is crucial for understanding temporal dynam-
ics in videos, has undergone significant evolution (Zhang
et al. 2025). Early video object segmentation methods
(Hu, Huang, and Schwing 2018; Avinash Ramakanth and
Venkatesh Babu 2014) often process the current frame
along with most or all previous frames, leading to signifi-
cantly increased inference overhead. More advanced mod-
els, such as SAM2, adopt a refined approach where the
current frame interacts with a memory bank of represen-
tations from prior frames through a cross-attention mecha-
nism (Vaswani et al. 2017). However, these techniques often
rely on fixed caching strategies and simple heuristics, and
are largely decoupled from the semantic content being pro-
cessed. While techniques such as quantization and memory
optimization (Rajbhandari et al. 2020)have shown promise
in reducing model footprint, existing approaches, primarily
focused on image processing, typically address these aspects
independently, thereby missing opportunities for synergistic
optimization.

This paper takes the preservation of key information in
the large model reasoning process as the starting point and
constructs a SAM2 acceleration optimization scheme with
importance evaluation as the core. Our key information re-
search focuses on two aspects: parameter importance and
content importance, comprising two fundamental innova-
tions in a unified framework. Specifically, our Importance-
driven Mixed-Precision Quantization strategy operates at the
layer level, utilizing a post-training, calibration-based ap-
proach. It computes a Weight-Activation Importance Score
for each layer based on the magnitudes of weights and ac-
tivation statistics, which then dynamically guides bit-width
assignment to minimize accuracy loss within a given com-
putational budget. Second, our Selective Importance-driven
Synthesis (SIS) mechanism introduces a content-aware ap-
proach to memory compression. Instead of relying on fixed
temporal rules, SIS dynamically evaluates all historical
frames based on their content similarity to the present con-
text and synthesizes only the most redundant subset, effi-
ciently reducing memory overhead while preserving the di-
versity of the long-term temporal context.

Our experiments demonstrate that the proposed frame-
work effectively incorporates quantization and memory op-
timizations, while maintaining a competitive level of per-
formance on standard segmentation benchmarks. This is
achieved without any architectural modifications, confirm-
ing our approach as a practical enhancement.

The remainder of this paper is structured as follows: Sec-
tion 2 surveys related work on network quantization and
efficient vision models. Section 3 outlines our proposed
framework, which includes hierarchical quantization and
importance-driven memory management schemes. Section
4 presents and analyzes our experimental results, followed
by a discussion of their implications. Finally, Section 5 pro-
vides concluding remarks and suggests avenues for future
research.

Relation Works
Model Quantization
The emergence of large foundation models, such as the
Segment Anything Model (Kirillov et al. 2023), has high-
lighted a critical challenge: their substantial memory and
computational demands hinder deployment on resource-
constrained devices. Model quantization (Nagel et al. 2021)
addresses this by converting high-precision floating-point
parameters to low-bit integers. While Quantization-Aware
Training (Lee, Kim, and Ham 2021; Li et al. 2022; Zhu, He,
and Wu 2023) can achieve high accuracy, its requirement for
full-dataset retraining is often prohibitively expensive. Con-
sequently, Post-Training Quantization (Frantar et al. 2022;
Li et al. 2023; Dettmers et al. 2023; Huang et al. 2024b)
has become a more practical and widely researched alterna-
tive, as it only needs a small, unlabeled calibration set and
avoids costly retraining. Early PTQ methods were primarily
statistic-based, determining quantization parameters like the
scaling factors and zero-point z by analyzing tensor distribu-
tions. Examples include MinMax (Jacob et al. 2018), which
uses the absolute range, Percentile (Wu et al. 2020), which
clips outliers, and OMSE (Choukroun et al. 2019), which
minimizes the mean squared error. However, these methods
are often suboptimal as they are susceptible to outlier values
that are common in large models. This led to the develop-
ment of more advanced learning-based PTQ methods, which
reframe quantization as an optimization problem.

Instead of minimizing direct numerical error, these meth-
ods aim to reduce the reconstruction error of a layer’s or a
block’s output, which is a better proxy for task performance.
Seminal works in this area include AdaRound (Nagel et al.
2020), which introduced a learnable task-aware rounding
mechanism instead of the standard nearest-rounding policy.
BRECQ (Li et al. 2021) extended this by proposing block-
wise reconstruction to handle inter-layer dependencies and
using Fisher information to protect essential weights. QDrop
(Wei et al. 2022) further improved robustness by introducing
a Dropout-inspired regularization technique that makes the
model more resilient to quantization noise. More recently,
methods like PD-Quant (Liu et al. 2023) have sought to use
more global information, such as the difference in the final
model prediction, to guide the optimization. Furthermore,
the rise of Transformer-based architectures has revealed
that generic PTQs, such as Bimodal Integration (BIG), in-
stance, PTQ4SAM (Lv et al. 2024), identified unique chal-
lenges in SAM, such as a ”bimodal distribution” in spe-
cific activations that breaks standard quantizers. To address
this, they proposed architecture-specific solutions like Bi-
modal Integration (BIG) to merge the distribution peaks and
Adaptive Granularity Quantization (AGQ) to handle diverse
post-Softmax distributions, demonstrating the need for co-
designing quantization strategies with the model architec-
ture.

Video Object Segmentation
The field of Video Object Segmentation (Ding et al. 2023;
Yang, Wei, and Yang 2021; Zhao et al. 2025) is undergoing
a paradigm shift from traditional appearance and motion-
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based feature matching towards higher-level conceptual un-
derstanding, particularly for handling complex scenarios
like occlusions (Perazzi et al. 2016). The core of this trend,
often catalyzed by models like LVLMs (Radford et al. 2021),
is to build a robust semantic representation of a target ob-
ject over time, shifting the task from pure feature matching
(Huang et al. 2024a) to concept reasoning (Barbiero et al.
2023). This evolution underscores the importance of an effi-
cient and intelligent temporal memory mechanism that can
preserve vital long-term context. It directly motivates our
Selective Importance-driven Synthesis (SIS) mechanism for
optimizing the SAM2 memory bank.

Methods
To achieve efficient and high-fidelity video object segmen-
tation, we holistically optimize the SAM2 model’s work-
flow. The baseline SAM2 pipeline processes videos in a
streaming, frame-by-frame manner: an image encoder pro-
cesses the current frame, its features are cross-attended
with historical memory representations, and a mask de-
coder generates the final prediction. While effective, this
workflow presents two key bottlenecks: the high computa-
tional cost of the full-precision encoder and the redundant
accumulation of temporal information in its static mem-
ory bank. To address these challenges, we introduce a uni-
fied framework that optimizes this pipeline through two
synergistic, importance-driven innovations. We propose an
Importance-driven Mixed-Precision Quantization scheme to
significantly compress the model and accelerate inference
without substantial accuracy loss, coupled with a novel Se-
lective Importance-driven Synthesis (SIS) mechanism that
intelligently manages the temporal memory bank to enhance
long-term tracking robustness. Together, these components
transform the standard SAM2 pipeline into a resource-
efficient and high-performance framework for video seg-
mentation. The following sections will outline our enhance-
ments built upon this foundation.

Importance-driven Mixed-Precision Quantization
Traditional PTQ is an effective model compression tech-
nique that maps high-precision floating-point weights
(FP32) and activations to low-bit integers (e.g., INT8, INT4)
without retraining. Its core is affine quantization, where for
a floating-point tensor x, the quantization process can be ex-
pressed as:

xq = clamp
(
round

(x
S

+ Z
)
, 0, 2b − 1

)
. (1)

Here, xq denotes the quantized low-bit integer representa-
tion, b is the bit-width, while S and Z are the scale factor and
zero-point, respectively, which are calculated based on the
dynamic range [min(x), max(x)] of x observed on a calibra-
tion dataset. However, this traditional PTQ approach, which
applies a uniform bit-width to all layers, overlooks the vary-
ing sensitivity of different layers to quantization errors. To
address this, we propose a mixed-precision allocation strat-
egy driven by layer importance.

Layer Importance Quantification. We posit that a
layer’s importance is determined by the overall impact of its
weights on the model’s output. To quantify this importance,
we define a Weight-Activation Importance Score (Sl) for
each linear layer l. The calculation process is as follows:

First, for the input activation tensor X(l) ∈ RN×Cin of
layer l where N is the number of tokens, and Cin is the num-
ber of input channels we measure the importance of each
input channel j by its average energy (L2 norm) across the
calibration set, yielding an input channel importance vector
A(l) ∈ RCin .Each element A(l)

j is computed as:

A
(l)
j =

(
N∑

n=1

(
X

(l)
n,j

)2) 1
2

, for j = 1, . . . , Cin. (2)

Second, we construct an element-wise importance ma-
trix H(l) with the same dimensions as the weight matrix
W (l) ∈ RCout×Cin ,where Cout is the number of output
channels. Each element H(l)

i,j is the product of the absolute

weight |W (l)
i,j | and its corresponding input channel impor-

tance A
(l)
j :

H
(l)
i,j = |W (l)

i,j |A
(l)
j . (3)

Finally, the definitive importance score Sl for the entire
layer l is defined as the mean of all elements in the impor-
tance matrix H(l):

Sl =
1

Cout · Cin

Cout∑
i=1

Cout∑
j=1

H
(l)
i,j . (4)

A higher score Sl indicates that the layer is more critical to
the model’s function and thus more sensitive to quantization
perturbations.

Our chosen metric is not merely a heuristic but a compu-
tationally efficient approximation of complex second-order
methods like Optimal Brain Surgeon (OBS) (Hassibi, Stork,
and Wolff 1993), which aim to minimize layer-wise recon-
struction error (Sun et al. 2023). The derivation from the
complex, Hessian-based metric to a simple, efficient form
is shown below:

Sij
λ=0−−−→

[
|W|2

/
diag

(
(XTX)−1

)]
ij

diagonal−−−−−→[
|W|2

/ (
diag(XTX)

)−1
]
ij
= (|Wij | · ∥Xj∥2)2 .

(5)

As demonstrated, the complex second-order metric,
which depends on the inverse Hessian matrix (XTX), sim-
plifies to the squared value of our chosen importance metric
under a diagonal approximation. This connection provides
a strong theoretical foundation for our method, linking it to
the minimization of reconstruction error while avoiding the
prohibitive computational cost of a full second-order calcu-
lation.
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Figure 2: Our proposed optimization framework. The two core modules are: 1) Importance-driven Mixed-Precision Quantiza-
tion (bottom-left), which assigns bit-widths based on layer importance to reduce computational costs while preserving perfor-
mance. 2) Selective Importance-driven Memory Synthesis (bottom-right), which compresses temporal memory by identifying
and fusing the most relevant historical frames.

Bit Allocation Strategy. After obtaining the importance
scores for all layers, our goal is to assign an appropriate bit-
width bl to each layer l from a candidate set of precisions B.
This assignment aims to minimize the overall accuracy loss,
weighted by importance, subject to a predefined target aver-
age bit-width Bavg . This can be formulated as a constrained
optimization problem:

min
bl∈B

∑
l∈L

Sl · E(bl) subject to

∑
l∈L bl · pl∑

l∈L pl
≤ Bavg,

(6)
where L is the set of all layers to be quantized, Sl is the im-
portance score of layer l, and pl is its number of parameters.
E(bl) represents the theoretical error introduced by quantiz-
ing a layer to bl bits, which is a monotonically increasing
function as bit-width decreases, such as E(bl) ∝ 2−bl . The
core idea of this formulation is to prioritize allocating more
bits to layers with higher importance scores Sl to minimize
their contribution to the total error.

Solving the combinatorial optimization problem directly
is computationally intensive. Therefore, we design an effi-
cient heuristic iterative adjustment algorithm to find an ap-
proximate optimal solution. The algorithm first performs an
initial bit allocation based on the layer importance ranking,

assigning higher initial precision to more essential layers.
Subsequently, it iteratively fine-tunes the allocation to meet
the average bit-width constraint. In each iteration, it calcu-
lates the current weighted average bit-width. If the value is
higher than the target, the algorithm selects a layer with the
most significant impact factor from those with higher preci-
sion and downgrades it to the next lower bit-width in the can-
didate set. Conversely, if the value is lower than the target,
it selects the layer with the most significant number of pa-
rameters from those with lower precision and upgrades it to
the next higher bit-width. This process is repeated until the
target constraint is met, enabling the fast and efficient gener-
ation of a high-quality, importance-driven mixed-precision
configuration.

Selective Importance-driven Synthesis
During long-term video tracking, the memory bank accu-
mulates significant redundant information highly similar to
recent frames. While temporal proximity is a basic heuris-
tic for importance, it is content-agnostic and fails to distin-
guish between clear, high-quality memories and corrupted
ones (e.g., from occluded or blurry frames). To overcome
this, we propose a Selective Importance-driven Synthe-
sis (SIS) mechanism, where every decision, from evaluation
to information fusion, is explicitly driven by a quantitative,
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Figure 3: Mixed-precision bit allocation for the SAM-2B model. This figure illustrates the final bit width assigned to each layer.
Candidate bit widths are 3, 4, 5.

content-based measure of importance.
The SIS mechanism is triggered when the memory bank

exceeds its capacity. The process is initiated with Impor-
tance Quantification. We posit that the ’importance’ of a his-
torical frame lies in its contextual consistency and relevance
to the immediate present. Therefore, we designate the fea-
ture representation of the most recent memory frame (from
time t-1) as the reference context. The importance of every
older historical frame is then quantified by calculating the
cosine similarity between its feature representation and this
reference. This similarity score provides a direct, content-
based metric of each memory’s redundancy and value. Fol-
lowing this quantification, all historical frames are subjected
to Importance-based Ranking, creating a prioritized queue
from the most important (most similar and redundant) to the
least important (most unique).

This ranked queue of importance scores directly drives the
core synthesis action. Unlike methods that perform global
memory compression, SIS executes a targeted, importance-
driven selective synthesis. The mechanism selects only
a predefined number, k, of the highest-ranked historical
frames (e.g., k=3)—those quantitatively identified as the
most ”important” and thus most redundant—for informa-
tion synthesis. This selection is the first core decision driven
by importance. The synthesis process is itself importance-
driven: we employ a weighted averaging strategy to fuse
these k frames, where the contribution of each frame is pro-
portional to its importance score after normalization via a
Softmax function. The weighted average is computed as:

Fsynth =
k∑

i=1

wi·Fi, where w = softmax({s1, . . . , sk}),

(7)
where Fi and si are the feature and score of the i-th most
important frame, and wi is its corresponding normalized
weight. This step ensures that the resulting synthesized fea-
ture, Fsynth, is a robust representation whose characteristics
are dominated by the most reliable and relevant historical
information.

Finally, the Memory Bank is Reconstructed in an
importance-aware manner. The new memory bank is a hy-

brid composition, consisting of: (1) the single, powerful syn-
thesized feature that summarizes the most redundant con-
text, Fsynth; (2) all other historical frames that were not se-
lected for fusion due to their lower importance scores (i.e.,
being more unique and dissimilar to the current context);
and (3) the intact reference frame from t-1. The entire SIS
process—from quantification and ranking to selective syn-
thesis and reconstruction—thus constitutes a sophisticated,
fully importance-driven loop. It ensures that memory com-
pression is not a blind, uniform process, but a targeted inter-
vention that intelligently preserves informational diversity
while reducing redundancy, thereby significantly enhancing
the model’s long-term tracking robustness in complex sce-
narios.

Experiments
To comprehensively evaluate the effectiveness of our
proposed Importance-driven Quantization and Synthesis
Framework, this chapter presents a series of extensive ex-
periments. We first introduce the benchmark datasets, eval-
uation protocols, and specific implementation details. Sub-
sequently, we conduct in-depth quantitative and qualitative
comparisons of our method against state-of-the-art PTQ
methods on both image instance segmentation and prompt-
able visual segmentation tasks. Finally, we systematically
validate the individual contributions of each innovative com-
ponent within our framework through rigorous ablation
studies.

Experimental Setup
Datasets. All our experiments are conducted on two
widely recognized public datasets. For the image instance
segmentation task, we utilize the 2017 validation set of the
MS-COCO dataset (Lin et al. 2014), which contains 5,000
images. For the video segmentation task, we perform eval-
uations on the SA-V dataset (Ravi et al. 2024), one of
the largest video segmentation datasets to date, comprising
over 50,000 real-world videos and 600,000 spatio-temporal
masks.Tasks and Metrics. Our evaluation covers two core
tasks. For Image Instance Segmentation, we adopt the stan-
dard mean Average Precision (mAP) as the primary evalu-
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Method Model-S Model-B Model-L
6-bit 4-bit 6-bit 4-bit 6-bit 4-bit

Full Precision (FP) mAP 40.3 41.1 41.4

MinMax (Jacob et al. 2018) 10.9 - 35.5 - 35.1 -
Percentile (Wu et al. 2020) 12.2 - 36.0 - 35.4 -
OMSE (Choukroun et al. 2019) 13.3 - 36.4 5.9 36.5 7.6
AdaRound (Nagel et al. 2020) 26.2 - 37.8 10.6 36.8 12.7
BRECQ (Li et al. 2021) 25.9 - 37.8 12.0 36.7 12.3
Qdrop (Wei et al. 2022) 33.3 13.0 39.3 25.1 37.1 29.4
PTQ4SAM (Lv et al. 2024) 34.2 18.4 38.5 31.6 37.9 30.2
Ours 38.8 34.3 40.3 34.2 38.9 32.0

Table 1: Results of image instance segmentation on the COCO dataset (mAP). W6A6/W4A4 denote uniform quantization,
while Avg-6/Avg-4 denote our mixed-precision method.

Method Model-B Model-L
FP 6-bit Setting 4-bit Setting FP 6-bit Setting 4-bit Setting

Adaround (Nagel et al. 2020) 72.7 47.2 (W6A6) 25.6 (W4A4) 73.7 48.1 (W6A6) 27.3 (W4A4)
QDrop (Wei et al. 2022) 72.7 61.4 (W6A6) 33.4 (W4A4) 73.7 63.1 (W6A6) 35.8 (W4A4)
PTQ4SAM (Lv et al. 2024) 72.7 66.5 (W6A6) 40.8 (W4A4) 73.7 67.1 (W6A6) 40.4 (W4A4)
Ours 72.7 68.7 (Avg-6) 50.3 (Avg-4) 73.7 68.6 (Avg-6) 49.6 (Avg-4)

Table 2: Comparison of promptable visual segmentation performance (J&F) on the SA-V dataset. W6A6/W4A4 denote uniform
quantization for competitor methods, while Avg-6/Avg-4 denote our mixed-precision scheme.

ation metric. For Promptable Visual Segmentation, we fol-
low the common evaluation standard for this task, using the
Jaccard Index J and the F-measure F , and primarily report
their average J&F as the comprehensive performance mea-
sure.

Implementation Details. Our experiments are based on
three variants of the SAM2 model: Model-S, -B, and -L. We
use all three models for the image segmentation task, and
Model-B and -L for the video segmentation task. All com-
parison methods are evaluated under full-precision (FP) and
two quantized configurations. The reference methods em-
ploy uniform 6-bit (W6A6) and 4-bit (W4A4) quantization.
In contrast, our method uses a mixed-precision scheme, de-
noted as Avg-6 and Avg-4 for the respective target average
bit-rates. For the calibration stage, we randomly selected
32 images and 8 videos. During model reconstruction, each
module undergoes at least 20000 iterations. All experiments
were conducted on a server equipped with four NVIDIA
A6000 GPUs, running Ubuntu 20.04. The framework was
implemented using PyTorch 2.6.0 and CUDA 12.4. Follow-
ing conventional practice, the first and last layers of the net-
work are excluded from quantization.

Image Instance Segmentation Results
The image instance segmentation results, averaged over
three independent runs, are presented in Table 1. Our method
demonstrates a consistent and significant performance ad-
vantage over all leading PTQ baselines across every model
size and bit-rate tested. This advantage is particularly evi-

dent in 4-bit quantization settings, where our Avg-4 models
not only lead the 4-bit category but also regularly surpass the
performance of competitors’ 6-bit quantized models.

Visual Segmentation Results
The results on the SA-V dataset further validate the robust-
ness of our framework in processing temporal data. where
all results are averaged over three separate runs, we compare
our method against AdaRound, QDrop, and PTQ4SAM.

In the video task, the performance advantage of our
method is even more pronounced, which we attribute to our
SIS mechanism. Compared to the image task, video seg-
mentation places higher demands on temporal understand-
ing and memory management, and our SIS mechanism ef-
fectively enhances the model’s ability in this regard by in-
telligently compressing redundancy while preserving diver-
sity. This leads to strong results; for instance, on Model-
B under the Avg-4 setting, our method achieves a J&F
score of 50.3, leading all comparison methods. On a separate
note, we observe that the quantized model’s performance de-
creases when scaling from SAM2-Base to SAM2-Large. We
speculate this is due to error accumulation, as errors from
low-precision layers can compound in deeper networks and
ultimately degrade performance.

Ablation Studies
To dissect the individual contributions of our two core
innovations—Importance-driven Mixed-Precision Quanti-
zation (MP) and Selective Importance-driven Synthesis
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Figure 4: Visual Segmentation Results

Figure 5: Result of image instance segmentation

Configuration MP SIS J&F @ 4-bit 6-bit

Base (A) × × 40.8 66.5
+ MP (B) × 49.2 67.0
+ SIS (C) × 41.9 67.7
Ours (D) 50.3 68.7

Table 3: Ablation study on the SA-V dataset (Model-B). All
results are J&F scores under the most aggressive 4-bit set-
ting. The full-precision (FP) baseline score is 72.7. MP and
SIS are abbreviations for our two proposed components. ∆
denotes the improvement over the Base model.

(SIS)—we conducted a series of ablation studies on the SA-
V dataset, Using the quantized SAM2 Model-B as the base-
line. The results systematically validate our design choices.

As shown in Table 3, each of our proposed components
makes a positive contribution to the final performance. Our
MP scheme alone provides a significant performance boost,
especially in the challenging 4-bit setting, validating the ef-
fectiveness of our importance-driven bit allocation.

Qualitative Results
Figure 4 illustrates the qualitative results for the prompt-
able visual segmentation task. Our method demonstrates ro-
bust tracking capabilities in challenging scenarios, such as
partial occlusions (row 1) and continuously moving objects
(rows 2 and 3). Notably, our framework consistently gen-
erates fine-grained masks, accurately delineating detailed
object contours. For image instance segmentation, Figure
5 provides a qualitative comparison. Existing methods of-
ten suffer from incomplete masks (e.g., the monitor in row
1) and imprecise object boundaries, particularly in complex
scenes (rows 2 and 3). In contrast, our approach consistently
generates masks with superior completeness and boundary
detail across all these challenging cases.

Conclusion
In this paper, we propose an importance-driven frame-
work to address the computational and memory bottlenecks
of the large-scale video segmentation model, SAM2. Our
framework uniquely integrates two synergistic mechanisms:
an Importance-driven Mixed-Precision Quantization scheme
for efficient, accuracy-preserving model compression, and
a Selective Importance-driven Synthesis (SIS) mechanism
to manage temporal memory and enhance long-term track-
ing robustness intelligently. Extensive experiments on the
COCO and SA-V benchmarks demonstrate that our method
consistently outperforms state-of-the-art techniques.

In conclusion, this work establishes a principled pathway
for the co-design of quantization and memory optimization
for large vision models, showing the potential to improve
their practicality significantly. We acknowledge current lim-
itations, such as our importance metric being primarily opti-
mized for linear layers. Future work could involve extending
this co-design philosophy to more diverse architectures and
a broader range of visual tasks.
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