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Figure 1: Qualitative comparisons between the proposed Pi-SAM with SAM and HQ-SAM. In these challenging samples of
high-resolution images, our Pi-SAM exhibits a remarkable capability to capture the extremely fine details and perceive the
complex topological structures, achieving high-precision segmentation results.

ABSTRACT
Although the Segment Anything Model (SAM) has achieved impres-
sive results in many segmentation tasks and benchmarks, its per-
formance noticeably deteriorates when applied to high-resolution
images for high-precision segmentation, limiting it’s usage in many
real-world applications. In this work, we explored transferring
SAM into the domain of high-resolution images and proposed Pi-
SAM. Compared to the original SAM and its variants, Pi-SAM
demonstrates the following superiorities: Firstly, Pi-SAM pos-
sesses a strong perception capability for the extremely fine details
in high-resolution images, enabling it to generate high-precision
segmentation masks. As a result,Pi-SAM significantly surpasses
previous methods in four high-resolution datasets. Secondly, Pi-
SAM supports more precise user interactions. In addition to the
native promptable ability of SAM, Pi-SAM allows users to inter-
actively refine the segmentation predictions simply by clicking.
While the original SAM fails to achieve this on high-resolution

Unpublished working draft. Not for distribution.Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
ACM MM, 2024, Melbourne, Australia
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-x/YY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

images. Thirdly, building upon SAM, Pi-SAM freezes all its orig-
inal parameters and introduces very few additional parameters
and computational costs to achieve the above performance. This
ensures highly efficient model fine-tuning while also retaining the
powerful semantic information contained in the original SAM.

CCS CONCEPTS
• Computing methodologies→ Image segmentation.

KEYWORDS
Segment Anything, High-Resolution Segmentation, Dichotomous
Image Segmentation, Interactive Segmentation

1 INTRODUCTION
High-precision segmentation[13, 22, 29, 33] plays an important
role in many vision-centric multimedia systems, such as robotic
perception[10, 35], augmented reality [11],and image/video ma-
nipulation [7, 15], among others. Compared to the extensively re-
searched visual segmentation tasks such as semantic [19, 26, 30,
38, 41] and instance [1, 16, 18, 31] segmentation, these applica-
tions demand higher accuracy on the segmented object boundaries
and detailed structures (as shown in Fig. 1), posing greater chal-
lenges for the segmentation models. Furthermore, achieving high-
precision segmentation often requires making predictions at high
resolutions (2K or higher), while the cost of annotating this kind of
data is prohibitively expensive. Therefore, although several related
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Figure 2: When the model’s predictions are imperfect, users may want to guide the model to correct wrongly predicted areas
through clicks. Here, green points represent foreground clicks, while red points represent background clicks. It can be observed
that both SAM and HQ-SAM fail to correct prediction errors through clicks, whereas our Pi-SAM effectively achieves this.

datasets [17, 24, 34, 39] have been proposed in previous research,
their dataset scales are significantly smaller compared to those of
low-resolution segmentation data. This results in the methods tai-
lored for these datasets potentially overfitting to the biases of the
datasets, limiting their capabilities in real-world applications.

Recently, the Segment Anything Model (SAM) [14], which is
proposed as a foundational model for image segmentation, provides
a potential solution to this problem. Due to its extensive training
data (with billion-scale masks), SAM exhibits powerful zero-shot
capabilities across multiple benchmarks and in-the-wild images. It
is an intuitive idea to transfer such large-scale foundational model
to the domain of high-resolution images, in order to address the
aforementioned issue of insufficient data.

However, in our observation, SAM encounters the following
three problems when applied to high-resolution images. Firstly,
SAM struggles to segment challenging structures. SAM tends to
segment objects into large, contiguous regions. When the target
object exhibits more complex topological structures, SAM struggles
to differentiate between the target object and the background, espe-
cially in objects that contain thin structures. Secondly, SAM fails
to correct incorrect predictions in high-resolution images through
multiple interactions. The prompt-driven manner makes SAM al-
low users to correct the errors of the previous-round predictions by
adding new clicks, which has proven effective on low-resolution
images. However, on high-resolution images, more interactions
often do not improve the results. Instead, as shown in Fig. 2, they
lead to worse or even collapsed results. Thirdly, SAM’s predictions

exhibit noticeable jaggedness and offset along the boundaries on
high-resolution images.

We summarize the above problems into two main deficiencies
of SAM’s architecture: 1) Insufficient output resolution: The
original prediction size of SAM is only 256× 256, which is too small
for images with resolutions of 2K or higher, making it difficult to
predict thin structures and accurate boundaries. 2) Interaction on
too small size: In SAM, the information interaction between the
image and the prompts is achieved through cross-attention on a 64×
64-sized featuremap. On such a small-scale featuremap, the detailed
structures of the foreground and the surrounding background are
mixed together and represented by a single pixel. This results in the
model struggling to distinguish which part the user’s click refers to,
making it incapable to effectively correct the detailed predictions.

To address these two deficiencies, we propose Pi-SAM, which
effectively expands SAM’s ability to predict and interact at high
resolutions. An overview of Pi-SAM’s framework is illustrate in
Fig. 3 Building upon SAM, our Pi-SAM keeps all the modules of
SAM frozen to avoid knowledge forgetting and achieves efficient
fine-tuning, and proposes the following two additional modules:
1) A lightweight High-Resolution Mask Decoder: This mod-
ule can increase the sizes of the predictions from 256 × 256 to
1024 × 1024 with low computational cost. Based on the original
mask decoder,the HR Mask Decoder merges both the semantic
information of low-resolution predictions and the low-level infor-
mation of high-resolution images, which can effectively enhance
the model’s perception ability for fine details. 2) An optional Pre-
cise Interactor: For the model’s imperfect predictions, this module

2
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Figure 3: An overview of the proposed Pi-SAM. We freeze all
the original parameters of SAM and propose two additional
modules: a lightweight High-Resolution Mask Decoder and
an optional Precise Interactor. The former can e�ectively
increase the prediction resolution of SAM, while the latter
allows users to interactively indicate the prediction errors
and then correct them.

allows users to indicate wrongly-predicted areas simply by clicking
and then corrects the errors. Speci�cally, it encodes both the seman-
tic and positional information of the user-clicked points and uses
such information to update the image features to obtain corrected
predictions.

To evaluate the performance of the proposed Pi-SAM, we further
conduct both qualitative and quantitative comparisons between
Pi-SAM and previous methods, including SAM, SAM's variant, and
the methods speci�cally tailored for high-resolution images, in
four high-resolution datasets. Experimental results demonstrate
the superiority of Pi-SAM in the following three main aspects:

Firstly , Pi-SAM possesses a strong perception capability for
the extremely �ne details in high-resolution images, enabling it to
generate high-precision segmentation masks. As a result, Pi-SAM
signi�cantly surpasses previous methods in the four datasets.

Secondly, Pi-SAM supports more precise user interactions. In
addition to the native promptable ability of SAM, Pi-SAM allows
users to interactively re�ne segmentation predictions through sim-
ply clicking. However, the original SAM fails to achieve this on
high-resolution images.

Thirdly , building upon SAM, Pi-SAM freezes all its original
parameters and introduces very few additional parameters and
computational costs to achieve the above two points. This ensures
highly e�cient model transfer while also retaining the powerful
semantic information contained in the original SAM.

We believe the above results e�ectively demonstrate the pow-
erful capability of the proposed Pi-SAM in high-resolution image
segmentation, and hope that Pi-SAM can serve as a robust general
segmentation tool for high-resolution images and realize its value
across various downstream applications.

2 RELATED WORK
2.1 Segment Anything Models
Segment Anything Model(SAM)[14], as a foundational visual model
aiming to perform general image segmentation, has demonstrated
remarkable capabilities across various segmentation tasks. Its pow-
erful performance also inspires a series of SAM-based works. Some

of these e�orts are dedicated to applying SAM to other downstream
tasks, including image editing [9], low-level vision [20, 37], and
3D reconstruction and segmentation [2, 23]. Meanwhile, another
part aims to expand the performance of the original SAM, such as
transferring SAM to video segmentation and tracking [6, 36], speed-
ing up SAM's inference speed [40, 42] and incorporating semantic
information into SAM's category-agnostic manner [21].

Sharing the most similar motivation to ours, HQ-SAM [12] in-
troduces an additional output token and more feature fusion to en-
hance the segmentation precision of SAM. However, their method
still fails to address SAM's de�ciencies in interaction size and out-
put resolution,and is thus still unable to achieve satisfactory high-
resolution segmentation. Compared to previous works, our Pi-SAM
is the �rst one to focus on improving SAM's output resolution
and achieving precise interaction, and achieves excellent results on
high-resolution images.

2.2 High-Resolution Segmentation
Compared to other segmentation tasks, high-resolution segmenta-
tion emphasizes more on the model's ability to segment extremely
�ne details in high-resolution images, such as mesh objects and thin
lines. Previous related methods can be mainly divided into two cate-
gories, where one focuses on post-processing existing segmentation
results to enhance their accuracy in �ne details [4, 25, 29]. While
these methods e�ectively enhance the accuracy of existing segmen-
tation results, the post-processing approach signi�cantly increases
computational complexity and inference time consumption. The
other type [17, 22, 24, 43] primarily focuses on designing methods
tailored for speci�c high-resolution datasets However, these meth-
ods are prone to over�tting the biases in speci�c datasets, making
generalization challenging. On the contrary, we opted to transfer
a foundational model to high-resolution images and �ne-tune it
on multiple high-resolution segmentation datasets jointly. This ap-
proach allows for better generalization across di�erent datasets and
in-the-wild images.

3 METHOD
We propose Pi-SAM, which e�ectively expands SAM's ability to
predict and interact at high resolution. In order to avoid knowledge
forgetting and achieve e�cient �ne-tuning, our Pi-SAM keeps all
the modules of SAM frozen, and proposes only two additional mod-
ules:High-Resolution Mask Decoder andPrecise Interactor .
Following this, we start with a brief review of SAM and its variant,
HQ-SAM, in Sec. 3.1. Then, in Sec. 3.2 and Sec. 3.3, we will give de-
tailed descriptions of the two newly proposed modules, respectively.
The overall framework of our Pi-SAM is illustrated in Fig. 4.

3.1 Preliminaries: SAM and HQ-SAM
The original architecture of SAM consists of a ViT-based [8] image
encoder, a prompt encoder and a mask decoder. The image encoder
transforms the input1024� 1024-sized image into a16� downsam-
pled image embedding. The prompt encoder is employed to encode
the points, boxes or masks into prompt tokens. The mask decoder
employs several learnable embeddings, termed as output tokens, to
extract the object representation through a Transformer [28] block,
which updates both the output tokens and the image embedding.

3
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