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Abstract

Driven by large-data pre-training, Segment Anything
Model (SAM) has been demonstrated as a powerful and
promptable framework, revolutionizing the segmentation
models. Despite the generality, customizing SAM for spe-
cific visual concepts without man-powered prompting is un-
der explored, e.g., automatically segmenting your pet dog
in different images. In this paper, we propose a training-
free Personalization approach for SAM, termed as PerSAM.
Given only a single image with a reference mask, PerSAM
first localizes the target concept by a location prior, and
segments it within other images or videos via three tech-
niques: target-guided attention, target-semantic prompting,
and cascaded post-refinement. In this way, we effectively
adapt SAM for private use without any training. To fur-
ther alleviate the mask ambiguity, we present an efficient
one-shot fine-tuning variant, PerSAM-F. Freezing the en-
tire SAM, we introduce two learnable weights for multi-
scale masks, only training 2 parameters within 10 seconds
for improved performance. To demonstrate our efficacy, we
construct a new segmentation dataset, PerSeg, for person-
alized evaluation, and test our methods on video object seg-
mentation with competitive performance. Besides, our ap-
proach can also enhance DreamBooth to personalize Sta-
ble Diffusion for text-to-image generation, which discards
the background disturbance for better target appearance
learning. Code is released at https://github.com/
ZrrSkywalker/Personalize-SAM .

1. Introduction
Foundations models in vision [11, 30, 51, 63], lan-

guage [4, 10, 43, 50], and multi-modality [21, 31, 41] have
gained unprecedented prevalence, ascribed to the consid-
erable availability of pre-training data and computational
resources. They demonstrate extraordinary generalization
capacity in zero-shot scenarios, and display versatile in-
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Figure 1. Personalization of Segment Anything Model. We cus-
tomize Segment Anything Model (SAM) [27] for specific visual
concepts, e.g., your pet dog. With only one-shot data, we introduce
two efficient solutions: a training-free PerSAM, and a fine-tuning
PerSAM-F. Image examples are from DreamBooth [45].

teractivity incorporating human feedback. Inspired by the
achievements of large language models, Segment Anything
(SAM) [27] develops a delicate data engine for collecting
11M image-mask data, and subsequently trains a powerful
segmentation foundation model, known as SAM. It firstly
defines a novel promptable segmentation paradigm, i.e.,
taking as input a handcrafted prompt and returning the ex-
pected mask. The acceptable prompt of SAM is generic
enough, including points, boxes, masks and free-form texts,
which allows for segmenting anything in visual contexts.

However, SAM inherently loses the capability to seg-
ment specific visual concepts. Imagine intending to crop
your lovely pet dog in a photo album, or find the miss-
ing clock from a picture of your bedroom. Utilizing the
vanilla SAM model would be both labor-intensive and time-
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Figure 2. Personlization Examples of Our Approach. The training-free PerSAM (Left) customizes SAM [27] to segment user-provided
objects in any poses or scenes with favorable performance. On top of this, PerSAM-F (Right) further enhances the segmentation accuracy
by efficiently fine-tuning only 2 parameters within 10 seconds. Examples are from our annotated dataset, PerSeg.

consuming. For each image, you are required to locate the
target object in different poses or contexts, and then acti-
vate SAM with precise prompt for segmentation. Therefore,
we ask: Can we personalize SAM to automatically segment
unique visual concepts in a simple and efficient manner?

To this end, we propose PerSAM, a training-free per-
sonalization approach for Segment Anything Model. As
shown in Figure 1, our method efficiently customizes SAM
using only one-shot data, i.e., a user-provided image and a
rough mask designating the personal concept. Specifically,
we first utilize SAM’s image encoder and the given mask to
encode the embedding of the target object in the reference
image. Then, we calculate the feature similarity between
the object and all the pixels on the new test image. On top
of this, two points are selected as the positive-negative pair,
which are encoded as prompt tokens and serve as a location
prior for SAM. Within SAM’s decoder processing the test
image, we introduce three techniques to unleash its person-
alizetion potential without parameter tuning.

• Target-guided Attention. We guide every token-to-
image cross-attention layer in SAM’s decoder by the
calculated feature similarity. This compels the prompt
tokens to mainly concentrate on foreground target re-
gions for effective feature interaction.

• Target-semantic Prompting. To better provide SAM

with high-level target semantics, we fuse the original
low-level prompt tokens with the embedding of target
object, which provides the decoder with more suffi-
cient visual cues for personalized segmentation.

• Cascaded Post-refinement. For finer segmentation
results, we adopt a two-step post-refinement strategy.
We utilize SAM to progressively refine its generated
mask. This process only costs an extra 100ms.

With the aforementioned designs, PerSAM exerts fa-
vorable personalized segmentation performance for unique
subject in a variety of poses or contexts, as visualized in
Figure 2. Nevertheless, there might be occasional failure
cases, where the subject comprises hierarchical structures
to be segmented, e.g., a hat on top of a teddy bear, the head
of a robot toy, or the top part of a can. Such ambiguity
casts a challenge for PerSAM in determining the appropri-
ate scale of mask as the segmentation output, since both
the local part and the global shape can be regarded as valid
masks by SAM from the pixel level.

To alleviate this, we further introduce a fine-tuning vari-
ant of our approach, PerSAM-F. We freeze the entire SAM
to preserve its pre-trained knowledge, and only fine-tunes 2
parameters within 10 seconds. In detail, we enable SAM to
produce multiple segmentation results with different mask
scales. To adaptively select the best scale for varying ob-
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User provides DreamBooth Assisted by PerSAM

“A [V] cat on a beach” “A [V] cat in the Grand Canyon”

···
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···
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A photo of a cat
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Figure 3. Better Personalization of Stable Diffusion. Our approach can be utilized to assist DreamBooth [45] in fine-tuning better Stable
Diffusion [44] for personalized image synthesis. We adopt PerSAM to segment the target object in the user-provided few-shot images,
which eliminates the background disturbance and benefits the target representation learning. More visualization is in Figure 10.

jects, we employ learnable relative weights for each scale,
and conduct a weighted summation as the final mask out-
put. By such efficient one-shot training, PerSAM-T exhibits
better segmentation accuracy shown in Figure 2 (Right).
Instead of using prompt tuning [29] or adapters [19], the
ambiguity issue can be effectively restrained by efficiently
weighing multi-scale masks.

Moreover, we observe that our approach can also assist
DreamBooth [45] to better fine-tune Stable Diffusion [44]
for personalized text-to-image generation, as shown in Fig-
ure 3. Given a few images containing a specific visual con-
cept, e.g., you pet cat, DreamBooth and its other works [28]
convert these images into an identifier [V] in the word em-
bedding space, which is then utilized to represent the target
object in the sentence. However, the identifier simultane-
ously include the visual information of backgrounds in the
given images, e.g., stairs. This would not only override the
new backgrounds in the generated images, but also disturb
the representation learning of the target object. Therefore,
we propose to leverage our PerSAM to efficiently segment
the target object, and only supervise Stable Diffusion by the
foreground area in the few-shot images, enabling more di-
verse and higher-fidelity synthesis.

We summarize the contributions of our paper as follows:

• Personalized Segmentation Task. From a new stand-
point, we investigate how to customize segmentation
foundation models into personalized scenarios with
minimal expense, i.e., from general to private purpose.

• Efficient Adaption of SAM. For the first time, we re-
search on adapting SAM to downstream applications
by only fine-tuning 2 parameters, and propose two
lightweight solutions: PerSAM and PerSAM-F.

• Personalization Evaluation. We annotate a new seg-
mentation dataset, PerSeg, containing various cate-
gories in diverse contexts. We also test our approach
on video object segmentation with competitive results.

• Better Personalization of Stable Diffusion. By seg-
menting the target object in the few-shot images, we
alleviate the disturbance of backgrounds and improve
the personalized generation of DreamBooth.

2. Related Work
Segmentation in Vision. As a fundamental task in com-
puter vision, segmentation [23, 24, 34, 36, 55, 60] requires
a pixel-level comprehension of a given image. Multiple
segmentation-related tasks have been explored, such as se-
mantic segmentation, which classifies each pixel into a pre-
defined set of classes [1,5,7,47,54,61]; instance segmenta-
tion, focusing on the identification of individual object in-
stances [18, 49, 52]; panoptic segmentation, combining se-
mantic and instance segmentation tasks by assigning both
class labels and instance identification [26, 32]; and inter-
active segmentation, involving human intervention during
the segmentation process for refinement [6, 16]. Recently,
Segment Anything Model (SAM) [27] designs a prompt-
able segmentation task and achieves strong zero-shot gener-
alization on numerous image distributions. The concurrent
SegGPT [53] and SEEM [63] also present general frame-
works for a diversity of segmentation scenarios. In this
study, we introduce a new task termed personalized seg-
mentation, aiming to segment user-provided objects in any
unseen poses or scenes. We propose two approaches, Per-
SAM and PerSAM-F, to efficiently customize SAM for per-
sonalized segmentation.
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Foundation Models. With powerful generalization ca-
pacity, the pre-trained foundation models can be adapted
for various downstream tasks with promising performance.
In the field of natural language processing, BERT [10, 38],
GPT series [4, 39, 42, 43], and LLaMA [58] have demon-
strated remarkable in-context learning abilities. These mod-
els can be transferred to new language tasks without train-
ing, requiring only a few task-specific prompts during in-
ference. Similarly, CLIP [41] and ALIGN [21], which are
trained on web-scale image-text pairs using contrastive loss,
exhibit exceptional performance in zero-shot visual learn-
ing tasks. Painter [51] introduces a vision model that uni-
fies architectures and prompts to automatically accomplish
diverse vision tasks without the necessity for task-specific
heads. CaFo [59] cascades different foundation models and
collaborates their pre-trained knowledge for zero-shot im-
age classification. SAM [27] presents the first foundation
model for image segmentation, which is pre-trained on 1
billion masks and conditioned on a variety of input prompts,
e.g., point, bounding box, mask, and text. From another
perspective, we propose to personalize the foundation seg-
mentation model, i.e., SAM, for specific visual concepts,
which adapts a generalist into a specialist with only one
shot. Our method can also assist the personalization of text-
to-image foundation models, i.e., Stable Diffusion [44] and
Imagen [46], which improves the generation quality by seg-
menting the target objects from the background area.

Parameter-efficient Fine-tuning. Directly tuning the en-
tire foundation models on downstream tasks can be com-
putationally expensive and memory-intensive, posing chal-
lenges for resource-constrained applications. To address
this issue, recent works have focused on developing
parameter-efficient methods [15, 17, 48, 57] to freeze the
weights of foundation models and append small-scale mod-
ules for fine-tuning. Prompt Tuning [13, 22, 29, 62] sug-
gests using learnable soft prompts alongside frozen models
to perform specific downstream tasks, achieving more com-
petitive performance with scale and robust domain trans-
fer compared to full model tuning. Low-Rank Adaption
(LoRA) [9, 20] injects trainable rank decomposition matri-
ces concurrently to each pre-trained weights, significantly
reducing the number of learnable parameters required for
downstream tasks. Adapters [19, 56] are designed to be
inserted between layers of the original transformer, which
introduce lightweight MLPs for fine-tuning. LLaMA-
Adapter [14, 58] proposes a zero-init attention to progres-
sive incorporate new knowledge into foundation models,
stabilizing the early-stage training. Different from exist-
ing works, we adopt a more efficient adaption method for
SAM by either the training-free PerSAM, or PerSAM-F
fine-tuning only 2 parameters. This effectively avoids the
over-fitting on one-shot data with satisfactory performance.

3. Method

In Section 3.1, we first revisit Segment Anything Model
(SAM) [27] and introduce the task definition of person-
alized segmentation. Then, we illustrate the methodol-
ogy of our training-free PerSAM and its fine-tuned vari-
ant, PerSAM-F, in Section 3.2 and Section 3.3, respec-
tively. Finally in Section 3.4, we utilize our approach to
assist DreamBooth [45] in better personalizing Stable Dif-
fusion [44] for text-to-image generation.

3.1. Preliminary

A Revisit of Segment Anything. SAM defines a new
promptable segmentation task, the goal of which is to re-
turn a segmentation mask for any given prompt. Using
a data engine with model-in-the-loop annotation, SAM is
fully pre-trained by 1 billion masks on 11M images, en-
abling powerful generalization capacity. SAM consists of
three main components, a prompt encoder, an image en-
coder, and a lightweight mask decoder, which we respec-
tively denote as EncP , EncI , and DecM . As a promptable
framework, SAM takes as input an image I , and a set of
prompts P , e.g., foreground or background points, bound-
ing boxes, or a coarse mask to be refined. SAM first utilizes
EncI to obtain the input image feature and EncP to encode
the human-given prompts into c-dimensional tokens as

FI = EncI(I), TP = EncP (P ), (1)

where FI ∈ Rh×w×c and TP ∈ Rk×c, with h,w denot-
ing the resolution of the image feature and k denoting the
prompt length. After that, the encoded image and prompts
are fed into the decoder DecM for attention-based feature
interaction. SAM constructs the input tokens of the decoder
by concatenating several learnable tokens TM as prefix to
the prompt tokens. These mask tokens are responsible for
generating the final mask output. We formulate the decod-
ing process as

M = DecM

(
FI , Concat(TM , TP )

)
, (2)

where M denotes the zero-shot mask prediction by SAM.

Personalized Segmentation Task. In spite that, SAM is
generalized to segment anything that prompted by users, it
lacks the ability to segment specific subject instances. To
this end, we define a new task for personalized segmenta-
tion. The user provides only a single reference image, along
with a mask indicating the target visual concept. The given
mask can either be an accurate segmentation, or a rough
sketch drawn by users online. Our goal is to customize
SAM to segment the designated subject within new images
or videos, without man-powered prompting. For model
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Figure 4. Overall Pipeline of PerSAM. Prompted by positive and
negative location priors, PerSAM achieves training-free personal-
ized segmentation with three techniques: target-guided attention,
target-semantic prompting, and cascaded post-refinement.

evaluation, we annotate a new dataset for personalized seg-
mentation, named PerSeg. The raw images are taken from
the works for subject-driven diffusion models [12, 28, 45],
containing various categories of visual concepts in differ-
ent poses or scenes. In this paper, we propose two efficient
solutions for this task, PerSAM and PerSAM-F, which we
specifically illustrate as follows.

3.2. Training-free PerSAM

Positive-negative Location Prior. Figure 4 presents the
overall pipeline of our training-free PerSAM. Firstly, con-
ditioned on the user-provided image IR and mask MR, Per-
SAM obtains a location prior of the target object on the new
test image I using SAM. In detail, as shown in Figure 5,
we apply SAM’s pre-trained image encoder to extract the
visual features of both I and IR as

FI = EncI(I), FR = EncI(IR), (3)

where FI , FR ∈ Rh×w×c. Then, we utilize the refer-
ence mask MR ∈ Rh×w×1 to derive the features of pix-
els within the target visual concept from FR, and adopts an
average pooling to aggregate its global visual embedding
TR ∈ R1×c as

TR = Pooling(MR ◦ FR), (4)

where ◦ denotes spatial-wise multiplication. With the target
embedding TR, we can acquire a location confidence map

by calculating the cosine similarity S between the TR and
test image feature FI as

S = FIT
T
R ∈ Rh×w, (5)

where FI and TR are pixel-wisely L2-normalized. After
this, to provide SAM with a location prior on the test image,
we select two pixel coordinates with the highest and low-
est similarity values from S, denoted as Ph and Pl, respec-
tively. The former represents the most likely foreground po-
sition of the target object, while the latter inversely indicates
the background. Then, they are regarded as the positive and
negative point pair, and fed into the prompt encoder as

TP = EncP (Ph, Pl), (6)

where TP ∈ R2×c serves as the prompt tokens for SAM’s
decoder. In this way, SAM would tend to segment the con-
tiguous region surrounding the positive point, while dis-
carding the negative one’s on the test image.

Target-guided Attention. Although the positive-negative
prior has been employed, we further propose a more explicit
guidance to the cross-attention mechanisms in SAM’s de-
coder, which concentrates feature aggregation within fore-
ground target regions. As shown in Figure 6, the calculated
similarity map S in Equation 5 can clearly indicate the pix-
els within the target visual concept on the test image. Given
this, we utilize S to modulate the attention map in every
token-to-image cross-attention layer. We denote the atten-
tion map after the Softmax function as A ∈ Rh×w, and
guide its distribution by

Ag = Softmax
(
A+ α · Softmax(S)

)
, (7)

where α denotes a balance factor. By the attention bias,
the tokens are compelled to capture more visual semantics
associating with the target subject, other than the unimpor-
tant background. This contributes to more effective feature
interaction in attention layers, and enhances the final seg-
mentation accuracy of PerSAM in a training-free manner.

Target-semantic Prompting. The vanilla SAM only re-
ceives the prompt carrying low-level positional information,
such as the coordinates of points or boxes. For incorpo-
rating more personalized cues, we propose to additionally
utilize the visual embedding TR of the target concept as a
high-level semantic prompt for PerSAM. Specifically, we
element-wisely add the target embedding with all the in-
put tokens in Equation 2, before feeding into every decoder
block shown in Figure 6, formulated as

Repeat(TR) + Concat(TM , TP ), (8)
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Figure 5. Positive-negative Location Prior. To obtain a location prior on the test
image, we adopt SAM’s [27] image encoder to extract visual features, and calculate
a similarity map for positive-negative point selection, which provides PerSAM with
foreground and background cues without human prompting.
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Figure 6. Target-guided Attention & Target-
semantic Prompting. In PerSAM’s decoder, we
incorporate the semantics of target object for at-
tention guidance and high-level prompting.

where the Repeat operation is performed alone the token
dimension. Aided by the simple token incorporation, Per-
SAM is not only prompted by low-level location prior, but
also high-level target semantics with auxiliary visual cues.

Cascaded Post-refinement. Via the above techniques,
we obtain an initial segmentation mask on the test image
from SAM’s decoder, which however, might include some
rough edges and isolated noises in the background. For
further refinement, we iteratively feed the mask back into
SAM’s decoder for a two-step post-processing. In the first
step, we prompt SAM’s decoder by the initial mask along
with the previous positive-negative location prior. Then,
for the second step, we calculate a bounding box of the
mask from the first step, and prompt the decoder addition-
ally with this box for more accurate object localization. As
we only requires the lightweight decoder for iterative re-
finement without the large-scale image encoder, the post-
processing is efficient and only costs an additional 100ms.

3.3. Fine-tuning of PerSAM-F

Ambiguity of Mask Scales. The training-free PerSAM
can tackle most cases with satisfactory segmentation ac-
curacy. However, some target objects contain hierarchical
structures, which leads to several masks of different scales
to be segmented. As shown in Figure 7, the teapot on top
of a platform is comprised of two parts: a lid and a body.
If the positive prior (denoted by a green star) is located at
the body, while the negative prior (denoted by a red star)
does not exclude the platform in a similar color, PerSAM
would be ambiguous for segmentation. Such issue is also

discussed in SAM [27], where it proposes an alternative
to simultaneously generate multiple masks of three scales,
respectively corresponding to the whole, part, and subpart
of an object. Then, the user is required to manually select
one mask out of three, which is effective but consumes ex-
tra manpower. In contrast, our personalized task aims to
customize SAM for automatic object segmentation without
the need for human prompting. This motivates us to de-
velop a scale-aware personalization approach for SAM by
efficiently fine-tuning only a few parameters.

Learnable Scale Weights. For adaptive segmentation
with appropriate mask scale, we introduce a fine-tuning
variant, PerSAM-F. Unlike the training-free model only
producing one mask, PerSAM-F first refers to SAM’s so-
lution to output three-scale masks, denoted as M1, M2, and
M3, respectively. On top of this, we adopt two learnable
mask weights, w1, w2, and calculate the final mask output
by a weighted summation as

M = w1 ·M1 + w2 ·M2 + (1− w1 − w2) ·M3, (9)

where w1, w2 are both initialized as 1/3. To learn the opti-
mal weights, we conduct one-shot fine-tuning on the ref-
erence image, and regard the given mask as the ground
truth. Note that, we freeze the entire SAM model to pre-
serve its pre-trained knowledge, and only fine-tunes the 2
parameters of w1, w2 within 10 seconds. We do not adopt
any learnable prompts or adapter modules to avoid over-
fitting on the one-shot data. In this way, our PerSAM-F ef-
ficiently learns the best mask scale for different visual con-
cepts, and exhibits stronger segmentation performance than
the training-free PerSAM.
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Figure 7. Efficient Fine-tuning of PerSAM-F. To alleviate the
ambiguity of segmentation scales, PerSAM-F adopts two learnable
weights to adaptively aggregate the output masks of three scales by
efficient one-shot fine-tuning.

3.4. Better Personalization of Stable Diffusion

A Revisit of DreamBooth. Similar to personalized seg-
mentation, Textual Inversion [12], DreamBooth [45] and
follow-up works [28] fine-tune the pre-trained text-to-image
models, e.g., Stable Diffusion [44] and Imagen [46], to syn-
thesize the images of specific visual concepts indicated by
users. As an example, given 3∼5 ground-truth photos of a
cat, DreamBooth conducts few-shot training and learns to
generate that cat by taking as input a textual prompt, “a [V]
cat”. Therein, [V] serves as a unique identifier to represent
the specific cat in the word embedding space. After training,
the personalized DreamBooth is able to synthesize novel
renditions of the cat in different contexts, such as “a [V]
cat on a beach.” or “a [V] cat in the Grand Canyon.”. How-
ever, DreamBooth calculates an L2 loss between the entire
reconstructed images and ground-truth photos. As shown in
Figure 3, this would inject the redundant background infor-
mation of the few-shot images into the identifier [V], which
overrides the newly generated background and disturb the
representation learning of the target object.

PerSAM-assisted DreamBooth. In Figure 8, we intro-
duce a strategy to alleviate the background disturbance in
DreamBooth. If the user additionally provides an object
mask for any of the few-shot images, we could leverage our
PerSAM or PerSAM-F to segment all the foreground tar-

DreamBooth

“a [V] cat”

PerSAM

Reconstruction 
Loss

Random	
Noise

Background
Disturbance

Decouple
User provides:

···

Figure 8. Better Personalization of Stable Diffusion. We utilize
PerSAM to decouple the target objects and the background distur-
bance for DreamBooth [45] fine-tuning. This contributes to better
personalized text-to-image generation of Stable Diffusion [44].

gets, and discard the gradient back-propagation for pixels
within background area. Then, the Stable Diffusion is only
fine-tuned to memorize the visual appearances of the target
object, and no supervision is imposed to the background
for preserving its diversity. After this, the PerSAM-assisted
DreamBooth not only synthesizes the subject instance with
better visual correspondence, but also increases the variabil-
ity to the new contexts guided by the textual prompt.

4. Experiment
We first evaluate our approach for personalized segmen-

tation in Section 4.1, and report the results on video object
segmentation in Section 4.2. Then in Section 4.3, we show
the improved text-to-image generation of DreamBooth [45]
aided by our background masking. Finally, we conduct ab-
lation study to investigate the effectiveness of each our com-
ponent in Section 4.4.

4.1. Personalized Evaluation

PerSeg Dataset. To test the personalization capacity, we
construct a new segmentation dataset, termed as PerSeg.
The raw images are collect from the training data of subject-
driven diffusion models: DreamBooth [45], Textual Inver-
sion [12], and Custom Diffusion [28]. PerSeg contains 40
objects of various categories in total, including daily neces-
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Method mIoU Param. Can Barn Clock Cat
Back-
pack

Teddy
Bear

Duck
Toy

Thin
Bird

Red
Cartoon

Robot
Toy

Existing Methods
Painter [51] 56.35 354M 19.06 3.21 42.89 94.06 88.05 93.04 33.27 20.92 98.19 64.99
Visual Prompting [2] 65.88 383M 61.23 58.55 59.23 76.60 66.67 79.75 89.93 67.35 81.03 72.37
SEEM [63] 80.50 157M 88.80 74.34 53.93 94.53 90.92 96.72 98.30 70.64 97.16 89.58
SegGPT [53] 94.26 354M 96.62 63.79 92.56 94.13 94.40 93.67 97.15 92.60 97.33 96.19

Our Approach
PerSAM 89.32 0 96.17 38.91 96.19 90.70 95.39 94.64 97.31 93.73 96.96 60.56
PerSAM-F 95.33 2 96.72 97.50 96.10 92.27 95.52 95.19 97.31 93.96 97.11 96.67

Improvement +6.01 +0.55 +58.59 -0.09 +1.57 +0.13 +0.55 +0.0 +0.23 +0.15 +36.11

Table 1. Personalized Segmentation on PerSeg Dataset. We compare the overall mIoU (%) and learnable parameters of different methods
for personalization. We report the results of 10 selected objects and highlight the improvement from PerSAM to PerSAM-F in blue.

Method J&F J F

with video data
AGSS [33] 67.4 64.9 69.9
AGAME [25] 70.0 67.2 72.7
SWEM [35] 84.3 81.2 87.4
XMem [8] 87.7 84.0 91.4

without video data
Painter [51] 34.6 28.5 40.8
SegGPT [53] 70.0 66.4 73.7
PerSAM 60.3 56.6 63.9
PerSAM-F 71.9 69.0 74.8

Table 2. Video Object Segmentation (%) on DAVIS 2017 [40].
The methods of ‘with video data’ are specially developed for video
segmentation and trained by in-domain videos, while ‘without
video data’ involves no video training data. We report the results
of SegGPT without the ensemble strategy for fair comparison.

sities, animals, and buildings. Contextualized in different
poses or scenes, each object is related with 5∼7 images with
our annotated masks. As default, we regard the first image
as the user-provided one-shot data and evaluate the models
by the metric of mean Intersection over Union (mIoU).

Experimental Details. We adopt pre-trained SAM [27]
with a ViT-H [11] image encoder as the segmentation foun-
dation model. For PerSAM, we apply the proposed target-
guided attention and target-semantic prompting to all the
three transformer blocks in SAM’s decoder, i.e., two regular
blocks and one final block. The balance factor α in Equa-
tion 7 is simply set as 1. For PerSAM-F, we conduct one-
shot training for 1,000 epochs with a batch size 1. We set the
initial learning rate as 10−3, and adopt the AdamW [37] op-
timizer with a cosine scheduler. Note that we do not apply
the target-guided attention and target-semantic prompting in

Variant mIoU Gain

Only Positive Prior 69.11 -

+ Negative Prior 72.47 +3.63
+ Post-refinement 83.91 +11.44
+ Target. Attention 85.82 +1.91
+ Target. Prompting 89.32 +3.50

+ Fine-tuning 95.33 +6.01

Table 3. Ablation Study (%) of PerSAM and PerSAM-F. We
progressively add our proposed components on top of the baseline
model in the first row. The last two rows denote the performance
of PerSAM and PerSAM-F, respectively.

PerSAM-F to better reveal the effectiveness of fine-tuning.
Not data augmentation is utilized during training.

Performance. In Table 1, we report the segmentation re-
sults of our approach and other existing methods on PerSeg
dataset. As shown, the fine-tuned PerSAM-F achieves
the best performance, and effectively enhances PerSAM
on most visual concepts by +6.01% overall mIoU. Visual
Prompting [2], Painter [51], and SegGPT [53] are in-context
learners that segment arbitrary objects according to given
prompt images. Similar to SAM, the recent SEEM [63] is a
large-scale prompt-based model with stronger interactivity
and compositionality. They can also be adopted for per-
sonalized segmentation by regarding the one-shot data as a
prompt. Our training-free PerSAM can outperform Painter,
Visual Prompting and SEEM with significant margins. Al-
though SegGPT attains comparable results to PerSAM-F, it
contains numerous parameters and is specially trained by
extensive data for personalization capability. In contrast,
PerSAM-F only fine-tunes 2 learnable weights to efficiently
customize off-the-shelf SAM for private use. More visual-
izations are shown in Figure 11.
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Figure 9. Visualization of PerSAM-F on DAVIS 2017 [40] dataset. Given the first-frame masks, our personalization approach performs
well for video object tracking and segmentation. We denote the masks of different objects with different colors.

4.2. Video Object Segmentation

Experimental Details. Besides images with only one ob-
ject, PerSAM and PerSAM-F can also be extended to seg-
menting multiple objects in video frames. Given the first
frame and its object masks, our approach can be person-
alized to simultaneously segment and track multiple objects
in the video. We select the popular DAVIS 2017 [40] dataset
for evaluation, and adopt the official J and F scores as met-
rics. For PerSAM, we regard the top-2 highest-similarity
points as the positive location prior, and additionally uti-
lize the bounding boxes from the last frame along with their
center point to prompt the decoder. This provides more suf-
ficient temporal cues for object tracking and segmentation.
For PerSAM-F, we conduct one-shot fine-tuning on the first
frame for 800 epochs with a learning rate 4−4. We follow
the personalization experiment for other configurations.

Performance. The video segmentation results on DAVIS
2017 validation set is shown in Table 2. Compared to meth-
ods without video data, the training-free PerSAM largely
surpasses Painter [51] by +25.7% J&F score, and PerSAM-
F achieves +1.9% better performance than SegGPT [53]
without the ensemble strategy. Notably, our fine-tuning ap-
proach can even outperform AGSS [33] and AGAME [25]
by +4.5% and +1.9% J&F scores, both of which are fully
trained by extensive video data. The results fully illustrate
our strong generalization ability for temporal video data
with multiple visual concepts. We visualize the segmen-
tation results of PerSAM-F on three video frames in Fig-
ure 9, where our approach shows favorable performance for
multi-object tracking and segmentation.

4.3. PerSAM-assisted DreamBooth

Experimental Details. We utilize the pre-trained Stable
Diffusion [44] as the base text-to-image model. We follow
most model hyperparameters and training configurations in
DreamBooth [45], including a 10−6 learning rate, a batch
size 1, and a 200-image regularization dataset. We fine-
tune DreamBooth for 1,000 iterations within 5 minutes on
a single NVIDIA A100 GPU. For better accuracy, we adopt
PerSAM-F to segment target objects, which conducts one-
shot fine-tuning by a given image-mask pair. Note that the
training-free PerSAM also achieves similar results, and we
name by ‘PerSAM-assisted’ just for simplicity.

Performance. In addition to Figure 3, we visualize more
results of PerSAM-assisted DreamBooth in Figure 10. For
the dog lying on a grey sofa, the “jungle” and “snow” by
DreamBooth are still the sofa with green and white deco-
rations. Assisted by PerSAM-F, the newly-generated back-
ground is totally decoupled with the sofa and well corre-
sponds to the textual prompt. For the other two subjects,
the background disturbance of mountains behind the barn
and the couch beside the table is also alleviated. The incor-
rect “orange table” by DreamBooth in the last line also indi-
cates, PerSAM-F can boost the visual appearance learning
of the target for better personalizing text-to-image models.

4.4. Ablation Study

In Table 3, we investigate the effectiveness of our pro-
posed components in PerSAM and PerSAM-F on PerSeg
dataset. As shown, we first start from a baseline model
with 69.11 mIoU, in which only the positive location prior
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DreamBooth

“A [V] dog in a jungle”

Assisted by PerSAM

“A [V] dog in snow”

User provides

A photo of a dog

“A [V] barn with a forest in the background ”

“A [V] barn with blue sky in the background ”

A photo of a barn

“A [V] table in the garden ”

“A [V] table and an orange sofa ”

A photo of a table

Figure 10. Visualization of PerSAM-guided DreamBooth. By our approach decoupling the background information, the improved
DreamBooth exhibits stronger personalization capacity and preserves the diversity for synthesizing various contexts.

is utilized to automatically prompt SAM. Then, we re-
spectively add the negative location prior and cascaded
post-refinement, enhancing the segmentation accuracy by
+3.63% and +11.44%, respectively. This constructs a com-
petitive model with 83.91% mIoU, already stronger than the
well pre-trained Painter [51] and SEEM [63]. On top of that,
we introduce the high-level semantics of target objects into
SAM’s decoder to guide the cross-attention and prompt-
ing mechanisms. The +1.91% and +3.50% mIoU improve-
ment fully indicate the significance of our designs. Finally,
via the efficient one-shot fine-tuning, PerSAM-F boost the
score by +6.01% and achieves 95.33% mIoU, demonstrat-
ing superior personalization capacity.

5. Discussion

What is the Difference between SegGPT and PerSAM?
Painter [51] and the follow-up SegGPT [53] both adopt an
in-context learning framework, which redefines the tradi-
tional segmentation task into an image coloring problem.
Given one-shot prompt, they can also achieve personal-
ized segmentation similar to PerSAM, as compared in Ta-
ble 1. However, they contain 354M learnable parameters
and unify a diverse set of segmentation data for large-scale
training. In contrast, our approach is either training-free, or
fine-tuning only 2 parameters within 10 seconds. We aim at
a more efficient way to customize an off-the-shelf founda-
tion model, i.e., SAM, into private use at the least cost.
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Figure 11. Visualization of PerSAM-F on PerSeg dataset. With only one-shot user-provided data, our personalization approach can
effectively customize SAM [27] to segment specific visual concepts in any poses or scenes.

Can PerSAM Tackle Multi-object Scenarios? Yes. As
visualized in Figure 9, the video object segmentation task
of Table 2 requires to segment and track more than one ob-
ject across the frames, e.g., a man and his bike. For multi-
ple visual concepts, we respectively encode and store their
target embeddings within the first frame. Then, for subse-
quent frames, we only run the image encoder once to extract
the visual feature, and independently prompt the mask de-
coder for different objects. In this way, our PerSAM and
PerSAM-F can be efficiently personalized to segment mul-
tiple visual concepts the user designates.

Robustness to Quality of the One-shot Mask? For more
robust interactivity with humans, we investigate how Per-
SAM and PerSAM-F perform when the given one-shot
mask is of low quality. In Table 4, we respectively shrink
and enlarge the area of the reference mask and compare the
segmentation results on PerSeg dataset. When the mask
is smaller than the size of target object (shrink), the fine-
tuned PerSAM-F exhibits stronger robustness to SegGPT
and PerSAM. This is because the internal points around
the object center can not comprehensively represent all its
visual characters, which harms the obtained target embed-
ding, weakening the effectiveness of target-guided attention
and target-semantic prompting. When the mask is larger
than the object (enlarge), the inaccurate mask size would
mislead the one-shot training of PerSAM-F. Instead, despite
of some background noises, the target embedding can in-
corporate complete visual appearances of the object, which
brings little influence to the training-free techniques in Per-
SAM. Overall, our PerSAM-F indicates better robustness to
quality of the given mask than SegGPT.

Method Shrink↓↓ Shrink↓ Enlarge↑ Enlarge↑↑

SegGPT [53] 80.39 81.79 83.22 76.43
PerSAM 78.48 81.10 89.32 88.92
PerSAM-F 85.16 88.28 83.19 81.19

Table 4. Robustness to Quality of the One-shot Mask. We re-
spectively shrink and enlarge the area of the reference mask using
the erode and dilate functions in OpenCV [3]. We evaluate on
PerSeg dataset and adopt kernel sizes of two levels, 75 and 95.

6. Conclusion
In this paper, we propose to personalize Segment Any-

thing Model (SAM) for specific visual concepts with only
one-shot data. Firstly, we introduce a training-free ap-
proach, PerSAM, which calculates a location prior on the
test image, and adopts three personalization techniques:
target-guided attention, target-semantic prompting, and cas-
caded post-refinement. On top of this, we further present a
10-second fine-tuning variant, PerSAM-F. By only 2 learn-
able parameters, PerSAM-F effectively alleviates the am-
biguity of mask scales and achieves leading performance
on our annotated PerSeg dataset. Besides, we also evaluate
our approach on video object segmentation, and verify its
efficacy to assist DreamBooth in fine-tuning text-to-image
diffusion models. We hope our work can motivate future
works for personalizing segmentation foundation models by
parameter-efficient methods.
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