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Abstract

The recent advancements in large foundation models have
driven the success of open-set image segmentation, a task
focused on segmenting objects beyond predefined cate-
gories. Among various prompt types (such as points, boxes,
texts, and visual references), visual reference segmenta-
tion stands out for its unique flexibility and strong zero-
shot capabilities. Recently, several SAM-based methods
have made notable progress in this task by automatically
generating prompts to guide SAM. However, these meth-
ods often generate prompts at boundaries of target regions
due to suboptimal prompt encoder, which results in insta-
bility and reduced robustness. In this work, we introduce
ProSAM, a simple but effective method to address the sta-
bility challenges we identified in existing SAM-based visual
reference segmentation approaches. By learning a varia-
tional prompt encoder to predict multivariate prompt distri-
butions, ProSAM avoids generating prompts that lie in un-
stable regions, overcoming the instability caused by less ro-
bust prompts. Our approach consistently surpasses state-of-
the-art methods on the Pascal-5i and COCO-20i datasets,
providing a more robust solution for visual reference seg-
mentation.

1. Introduction

Open-set image segmentation methods have gained con-
siderable attention for their ability to segment objects be-
yond a fixed set of categories. These methods incorpo-
rate diverse prompts, including points, boxes, texts, and
visual references, effectively addressing the limitations of
closed-set approaches. The introduction of the Segment
Anything Model (SAM) series [14, 28] has notably ad-
vanced open-set segmentation performance using point and
box prompts. However, when segmenting the same type of
object across multiple images, using SAM can be tedious
and time-consuming because it requires custom prompts for
each image individually. Image segmentation methods us-

Figure 1. The same mask can be generated by SAM using various
prompts in a region.

ing text prompts [8, 37, 39] offer a solution to this limita-
tion but encounter two main challenges [10]: (i) aligning
vision and language representations for rare or long-tailed
objects is challenging due to their scarcity, leading to com-
promised segmentation performance for these objects; and
(ii) certain objects are difficult to describe accurately in nat-
ural language without specialized knowledge. For example,
someone without a background in chemistry may struggle
to accurately describe ”molecular orbitals”.

To tackle the challenges resulting from long-tailed data
shortage and descriptive limitation, image segmentation
with visual references (i.e., an annotated reference image
that indicates the objects of interest) has become increas-
ingly important. Its ultimate goal is to segment similar ob-
jects as indicated in the annotated reference image, regard-
less of the semantic category of target objects. Recently,
various methods [20, 32, 45] have leveraged the excep-
tional segmentation capabilities of SAM, achieving signif-
icant breakthroughs in visual reference segmentation. The
main idea of these methods is to generate prompts that di-
rect SAM to predict masks for the target objects. Among
these approaches, training-based methods [32] that learn
prompt embeddings to guide SAM mask generation have
achieved state-of-the-art (SOTA) performance. However,
the existing training approaches often direct the prompts
toward the boundaries of target regions, resulting in insta-
bility and reduced robustness. This robustness challenge is
specifically caused by the inherent design of SAM — iden-
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tical masks can be generated from different prompts (see
Figure 1). This oversight poses a significant challenge for
the training-based methods, where stability and generaliz-
ability are essential for zero-shot capability.

To address this limitation, we introduce a novel visual
reference segmentation method, ProSAM, to enhance the
robustness and zero-shot capability of SAM-based visual
reference segmentation. Specifically, inspired by the spirit
of variational inference [3] in statistics, we propose a varia-
tional prompt encoder with reparameterization trick to pre-
dict a multivariate prompt distribution in high-dimensional
space, such that every prompt sampled from this multivari-
ate prompt distribution can effectively guide SAM to gener-
ate a high-quality mask for the target object. During infer-
ence, the predicted mean of this multivariate prompt distri-
bution will be utilized to generate the predicted mask with
the same visual concept as the reference object. Unlike the
existing training-based method [32], which does not favor
the prompts closer to the center of the target prompt region,
our method encourages the mean of the multivariate prompt
distribution to be closer to the center of the target prompt re-
gion by injecting the noise into the generated prompts and
penalizing the Laplacian during training.

To demonstrate the effectiveness of our method, we con-
ducted extensive experiments on Pascal-5i and COCO-20i
datasets following the same dataset configuration as the
SOTA methods [32, 45]. The experimental results demon-
strate that our approach consistently outperforms the SOTA
method on both datasets. In summary, the contributions of
this paper are threefold:
• We identify a commonly overlooked limitation in the

SOTA SAM-based visual reference segmentation ap-
proach, where prompts are often generated at boundaries
of target regions, leading to instability and reduced ro-
bustness.

• We propose a probabilistic prompt generation method that
leverages variational inference to penalize the prompts
that lie in unstable regions, enhancing the robustness of
generated prompts.

• Our approach consistently outperforms the SOTA SAM-
based visual reference segmentation method on the
Pascal-5i and COCO-20i datasets.

2. Related Work
2.1. Visual Reference Segmentation
A visual reference is an annotated reference image that rep-
resents the object of interest. Segmenting based on visual
reference prompt provides a more intuitive and straightfor-
ward way to guide the segmentation of the desired object
in the target image, regardless of its semantic category. Un-
like text prompts, visual reference prompt bypasses the need
for cross-modality alignment between text and image, be-

cause it solely relies on visual similarities [10]. This unique
strength enhances generalizability in segmenting novel ob-
jects that were unseen during training.

With the recent advancements in vision foundation mod-
els, several SAM-based methods [20, 32] have achieved
significant breakthroughs in visual reference segmentation,
by transforming visual references into prompts that SAM
can understand. These SAM-based methods can be classi-
fied into two categories: training-based approaches [32] and
training-free approaches [20, 45]. Notably, VRP-SAM [32],
a SAM-based training approach, achieves SOTA perfor-
mance in this task. However, the existing training-based
approaches including VRP-SAM fail to consider the robust-
ness of generated prompts. This oversight motivates us to
propose a variational prompt encoder, which has been the-
oretically and empirically demonstrated to generate more
robust prompts.
2.2. Variational Inference
To facilitate the robustness of the prompts generated for
SAM, we draw inspiration from the principles of variational
inference [3] in statistics and propose a SAM-based varia-
tional prompt encoder to predict a probabilistic prompt dis-
tribution based on the visual reference. In the existing lit-
erature, the variational inference has been applied across
various tasks (e,g., data generation [13], metric learning
[17], person re-identification [41], and semantic segmenta-
tion [38]) with different purposes. Specifically, VAE [13]
and DVML [17] adopt variational inference to generate
more diverse and discriminative samples by modeling the
data variance, while DistributionNet [41] and PRCL [38]
utilize variational inference to handle the noisy data by es-
timating the uncertainty of data distribution. Unlike these
methods, we leverage variational inference to inject noise
into the prompt embeddings with the purpose of penalizing
Laplacian during training, such that more robust prompts
can be generated to guide SAM. To the best of our knowl-
edge, we are the first SAM-based segmentation method that
learns a variational prompt encoder to generate probabilis-
tic prompts, specifically designed to enhance the robustness
of SAM mask generation.

3. Preliminary
3.1. SAM
SAM is designed to generate a segmentation mask for a
given input image I based on user-specified prompts P .
These prompts can be in various forms, such as points
or boxes. Its architecture is composed of three major
components: a prompt encoder, an image encoder, and a
lightweight mask decoder, denoted by f s

P , f s
I , and f s

M , re-
spectively. Specifically, the image encoder f s

I extracts fea-
tures from the input image to produce F s

I , while the prompt
encoder f s

P processes m user-provided prompts to generate
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Figure 2. The overview of ProSAM, which segments the target images based on the visual references. Given a pre-trained SAM, a
variational prompt encoder is trained to predict a multivariate prompt distribution with reparameterization trick. During the inference, the
predicted mean prompt is employed to guide SAM in producing robust mask prediction for the target image.

prompt embeddings z. This can be expressed as follows:

F s
I = f s

I(I), z = f s
P (P ), (1)

where F s
I → Rh→w→c is the image feature map with resolu-

tion h ↑ w and feature dimension c, and z → Rm→c repre-
sents the prompt embeddings. The encoded image features
F s
I and prompt embeddings z are then passed into the de-

coder f s
M to produce the final mask output, represented as:

M̂ = f s
M (F s

I , z) , (2)

where M̂ represents the final mask predicted by SAM.

3.2. Existing Training-Based Method Using SAM
In the existing literature, VRP-SAM [32] is currently
the most advanced training-based method, which achieves
state-of-the-art performance in this task. Therefore, our
method is built on top of VRP-SAM to further enhance the
SAM-based visual reference segmentation.

Visual Reference Prompt Encoder. In VRP-SAM, the
only trainable module is the visual reference prompt en-
coder, as it utilizes a pre-trained SAM, along with a pre-
trained image encoder (e.g., ResNet-50 [7]). This prompt
encoder transforms various annotation formats for reference
images (e.g., points, boxes, scribbles, and masks) into high-
dimensional prompt embeddings that share the same output
space as the SAM prompt encoder. There are two major
components in their visual reference prompt encoder: fea-
ture augmenter and prompt generator. To be specific, the
feature augmenter leverages a semantic-aware image en-
coder fI to extract the enhanced image features F v

r and
F v
t for reference image Ir and target image It. These

enhanced image features, F v
r and F v

t , capture the object-
specific features extracted from visual annotation Mr and a

pseudo-mask of target image M pseudo
t , respectively. Then,

the prompt generator fv
P will output a latent prompt z as

follows,

z = fv
P (F

v
r , F

v
t ), for z → Rm→c. (3)

Lastly, given the generated prompt embeddings z, a mask
prediction M̂t is generated as in Equation 2. The predicted
mask M̂t is expected to encapsulate a visual concept similar
to that of the visual reference (Ir, Mr). Notably, with m set
to 50 as the default value, the prompt encoder fv

P predicts 50
prompt embeddings for each target image, enabling a more
comprehensive representation of the visual characteristics
of the reference objects.

Loss Function. To supervise the learning of its prompt
encoder fv

P , Binary Cross-Entropy loss and Dice loss are
computed between the predicted mask M̂t and ground-truth
mask Mt as below,

L = LBCE(M̂t,Mt) + LDice(M̂t,Mt). (4)

In essence, VRP-SAM focuses solely on mask-level differ-
ences, while overlooking the potential for further optimiz-
ing the prompt encoder to generate more robust prompts.

4. ProSAM
In this paper, our high-level objective is to automatically
generate robust prompts to guide SAM in producing high-
quality segmentation masks containing the same visual con-
cepts as the visual reference. To this end, we first identify
a unique robustness challenge for the SAM-based segmen-
tation method (see Section 4.1). To address this challenge,
we propose a variational prompt encoder in Section 4.2 that
transforms the visual reference into a multivariate prompt
distribution, such that the predicted mean prompt can be
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employed to generate high-quality and robust masks during
inference. The model training and inference procedures are
described in Section 4.3.

4.1. Robustness Challenge
Robust prompts are crucial for the SAM model to yield sta-
ble and precise final mask predictions. Yet, the importance
of prompt robustness has been largely overlooked in the ex-
isting literature, as pointed out in Section 3.2. In this sec-
tion, we pinpoint this critical challenge in existing SAM-
based segmentation methods: the failure to account for the
robustness of generated prompts.

In practice, there exists a region of prompt embeddings
in the high-dimensional space in which every prompt can
lead SAM to produce acceptable segmentation masks (see
Figure 1). This region is referred to as the target prompt
region RIr,Mr,It . However, the stability and robustness of
different prompts within this region can vary. For less ro-
bust prompts, even a small perturbation can lead to signif-
icant changes in the masks produced by SAM. This insta-
bility is more prevalent when the learned prompts lie near
the boundary of the target prompt region. Such unstable
prompts in the boundary areas are more likely to be gener-
ated if a learnable prompt generator is not explicitly guided
to produce prompts toward the center of RIr,Mr,It (see Ap-
pendix 7.3 for detailed analysis). Theoretically speaking,
the loss landscape in the boundary areas typically exhibits
sharp gradient variations due to high curvature (quantified
by the Hessian ↓2L(z)), given a loss function L that solely
considers the mask-level differences (e.g., Equation 4).

Ideally, the prompt embedding should reside in a flat
region of the loss landscape with low curvature, which is
particularly important when generalizing to objects with
unseen semantic categories. One straightforward way to
enforce this would be to directly regularize the curvature
by penalizing the Hessian ↓2L(z). However, incorporat-
ing such a curvature-based regularization term directly into
the loss function is challenging due to the limitation of the
automatic differentiation-based deep learning framework
[2], because it requires computing second-order derivatives.
Unfortunately, no existing approaches including VRP-SAM
attempt to encourage prompt embeddings to lie in flatter re-
gions of the loss landscape. This issue is a challenging but
important gap that we aim to bridge in this work.

4.2. Variational Prompt Encoder
To improve the robustness of generated prompts, we pro-
pose a simple but effective method to learn a more ro-
bust prompt encoder that favors prompts in the flatter re-
gions of the loss landscape without explicitly incorporat-
ing a second-order regularization term. To be specific,
we introduce a variational prompt encoder, denoted as
qω(z|Ir,Mr, It) and parameterized by ω, to approximate

Figure 3. Intuitive illustration of the high-level idea behind the
proposed variational prompt encoder. The dashed arrow shows
the sampling and prompting procedure during training, while the
solid arrow shows the prompting strategy during inference. Note
that our generated prompts can be any type of prompt, while this
illustration shows a positive point prompt as an example.

the true multivariate prompt distribution P (z|Ir,Mr, It).
The objective is to maximize the likelihood that a sam-
pled prompt embedding z ↔ qω(z|Ir,Mr, It) falls within
the target prompt region RIr,Mr,It . As illustrated in Fig-
ure 3, a straightforward intuition behind this framework is
to optimize the robustness of expected prompt embedding
µ̂z by inducing a margin between µ̂z and the boundary of
RIr,Mr,It leveraging the standard deviation ω̂z of the vari-
ational prompt distribution qω(z|Ir,Mr, It). This makes
the mean prompt µ̂z less likely to fall outside the target
region under small perturbations. Furthermore, based on
the theoretical analysis presented in Section 7.1 and Sec-
tion 7.2 in Appendix, we prove that performing variational
optimization leads to an implicit penalty on the curvature of
the loss function, thereby encouraging the optimization to
favor flatter regions in the loss landscape, which is usually
closer to the center of RIr,Mr,It . Empirically, our verifi-
cation study also showcases that our framework effectively
pushes prompt embeddings toward the target region center
(see Section 5.3.) Therefore, based on both the theoretical
analysis and the empirical results, the proposed variational
prompt encoder naturally addresses the challenge we pre-
sented in Section 4.1.

A straightforward instantiation of P (z|Ir,Mr, It) is as-
suming z follows a conditional multivariate Gaussian dis-
tribution. However, considering our motivation is to push
the mean prompt µ̂z toward the center of the target prompt
embedding region, a more heavy-tailed t-distribution would
be a better choice due to its statistical properties of having
more chance to sample outliers [5]. In other words, when
µ̂z is close to the boundary of RIr,Mr,It , it is more likely
to sample a prompt falling outside the target prompt embed-
ding region (green region in Figure 3) if it follows heavy-
tailed t-distribution. Given that the outlier prompt is more
likely to result in low-quality mask predictions, the force
to push the mean prompt toward the center of RIr,Mr,It
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will be greater with larger gradients. Theoretically, we also
show in Section 7.5 that t-distribution results in a larger
4th-order curvature penalty that forces an extra push to-
ward flatter and more stable regions. Inspired by Kim et
al. [12], we formulate our variational prompt distribution
qω(z|Ir,Mr, It) with the heavy-tailed property and diago-
nal covariance as follows,

qω(z|Ir,Mr, It) = t

(
z

∣∣∣∣µz,
diag

(
ω2
z

)

1 + ε↑1n
, ε + n

)
(5)

where ε is a hyper-parameter to control the degree of heavy-
tailless and n is the dimensionality of z.

To learn a variational prompt distribution via back-
propagation, the sampling function for sampling z from
qω(z|Ir,Mr, It) must be differentiable. Thus, the reparam-
eterization trick [1] is employed to approximate the sam-
pling process of z with a differentiable function. With
two independent random variables ε

iid↔ N (0, I) and ϑ
iid↔

ϑ2(ε + n) as the source of randomness, the sampling func-
tion gz for drawing z from qω(z|Ir,Mr, It) can be formu-
lated as,

z = gz(µ̂z, ω̂z, ϑ, ε) (6)

= µ̂z +
1↗

ϑ/(ε + n)

ω̂z↗
1 + ε↑1n

↘ ε. (7)

This formulation enables us to sample z ↔ qω(z|Ir,Mr, It)
as a differentiable function of µ̂z and ω̂z , predicted by the
variational prompt encoder.

4.3. Training and Inference
Training. During training, our goal is to minimize the ex-
pected loss w.r.t. the prompt embedding distribution,

min
ω

Ez↓qω(z|Ir,Mr,It)

[
L
(
fs
M (z, F s

It),Mt

)]
(8)

=min
ω

∫

Rn

qω(z|Ir,Mr, It)L
(
fs
M (z, F s

It),Mt

)
dz, (9)

where F s
It

= fs
I (It). However, this integral is intractable.

Therefore, we employ the Monte Carlo method to approxi-
mate it by minimizing the expected loss with K samples,

min
ω

Ez↓qω(z|Ir,Mr,It)

[
L
(
fs
M (z, F s

It),Mt

)]

=min
ω

E
ω

iid↓N (0,I),ε
iid↓ε2(ϑ+n)

[
L
(
fs
M (z, F s

It),Mt

)]

≃ minω
1
K

∑K
k=1 L

(
fs
M (gz(µ̂z, ω̂z, ϑk, εk), F s

It
),Mt

)
. (10)

Note that the loss function can theoretically be any mask-
level loss that evaluates the deviation between the predicted
mask M̂t and Mt. Following VRP-SAM [32], we adopt the
BCE loss and Dice loss to enforce both pixel-wise accuracy
and the degrees of overlap (see Equation 4). Regarding the

model architecture of the variational prompt encoder, our
approach theoretically can be applicable to any model ar-
chitecture. In this paper, to ensure a fair comparison with
the existing training-based method, we employ an identical
model architecture as VRP-SAM prompt encoder (as de-
scribed in Section 3.2), except adding two linear layers at
the end to predict µ̂z and ω̂z respectively.

Inference. During inference, only the predicted mean
prompt µ̂z is used to prompt the SAM mask decoder fs

M

to generate a robust mask prediction M̂t. This inference
strategy facilitates the robustness of generated prompts for
novel objects, leveraging the margin between µ̂z and the
boundary of target prompt region RIr,Mr,It . More impor-
tantly, since we rely solely on the predicted mean prompt
for inference, our inference speed and memory usage are
on par with that of non-probabilistic methods such as VRP-
SAM [32].

5. Experiments
5.1. Experimental Setup

Table 1. Quantitative comparison with SOTA visual reference seg-
mentation methods based on mIoU. † represents the method is
based on SAM. For the models trained by in-domain datasets, their
results are colored in gray. The colors green and blue indicate the
best and second-best results, respectively, among all methods that
were not trained with in-domain datasets.

Data Methods Label
Type

F-0 F-1 F-2 F-3 Means

COCO-20i

Painter[35]

mask

31.2 35.3 33.5 32.4 33.1
SegGPT[36] 56.3 57.4 58.9 51.7 56.1
PerSAM† [45] 23.1 23.6 22.0 23.4 23.0
PerSAM-F† [45] 22.3 24.0 23.4 24.1 23.5
Matcher† [20] 52.7 53.5 52.6 52.1 52.7

VRP-SAM† [32]

point 32.03 39.36 46.44 40.52 39.85
scribble 44.83 48.22 51.61 47.66 48.08

box 44.63 49.2 56.56 49.34 49.93
mask 47.02 54.24 59.91 51.95 53.28

point 33.32 40.23 47.82 41.2 40.64
scribble 47.37 48.97 53.44 48.39 49.54

box 45.39 50.01 57.92 50.41 50.93ProSAM†

mask 48.74 55.55 60.72 53.49 54.63

PASCAL-5i

VRP-SAM† [32]

point 63.69 70.95 63.22 54.53 63.35
scribble 70.04 74.67 65.93 59.12 67.44

box 71.3 75.98 65.95 61.27 68.75
mask 74.01 76.77 69.46 64.34 71.14

point 64.71 72.11 63.89 55.64 64.08
scribble 71.16 75.69 66.31 60.93 68.52

box 72.38 76.81 67.07 62.76 69.76ProSAM†

mask 75.26 77.57 70.09 65.22 72.04

Datasets. To evaluate the effectiveness and generaliz-
ability of ProSAM, we conducted comprehensive experi-
ments on Pascal-5i [29] and COCO-20i [25] under the
same few-shot setting as the existing visual reference seg-
mentation methods [16, 32, 44]. In this setting, these two
datasets are divided into 4 folds. In each fold, Pascal-5i in-
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Table 2. Quantitative comparison with one-shot segmentation methods based on mIOU. The green and blue colors indicate the best and
second-best results, respectively.

Methods Image
Encoder

Learnable
Params

COCO-20i PASCAL-5i

F-0 F-1 F-2 F-3 Mean F-0 F-1 F-2 F-3 Mean
PFENet [33]

ResNet-50

10.4M 36.5 38.6 34.5 33.8 35.8 61.7 69.5 55.4 56.3 60.8
HSNet [23] 2.6M 36.3 43.1 38.7 38.7 39.2 64.3 70.7 60.3 60.5 64.0
CyCTR [42] 15.4M 38.9 43.0 39.6 39.8 40.3 65.7 71.0 59.5 59.7 64.0

SSP [6] 8.7M 35.5 39.6 37.9 36.7 37.4 60.5 67.8 66.4 51.0 61.4
NTRENet [19] 19.9M 36.8 42.6 39.9 37.9 39.3 65.4 72.3 59.4 59.8 64.2

DPCN [18] - 42.0 47.0 43.3 39.7 43.0 65.7 71.6 69.1 60.6 66.7
VAT [9] 3.2M 39.0 43.8 42.6 39.7 41.3 67.6 72.0 62.3 60.1 65.5

BAM [15] 4.9M 39.4 49.9 46.2 45.2 45.2 69.0 73.6 67.6 61.1 67.8
HDMNet [27] 4.2M 43.8 55.3 51.6 49.4 50.0 71.0 75.4 68.9 62.1 69.4

ProSAM 1.73M 48.74 55.55 60.72 53.49 54.63 75.26 77.57 70.09 65.22 72.04
DCAMA [30] Swin-B 47.7M 49.5 52.7 52.8 48.7 50.9 72.2 73.8 64.3 67.1 69.3

cludes 15 base classes for training and 5 novel classes for
testing, while COCO-20i has 60 base classes for training
and 20 novel classes for testing. Therefore, the robustness
and generalizability of each visual reference segmentation
method can be fully assessed under this setting. Following
VRP-SAM [32], 1,000 pairs of visual reference and target
images are randomly selected to evaluate our testing perfor-
mance for each fold.

Implementation Details. To ensure a strictly fair com-
parison with VRP-SAM, the SOTA method in the visual
reference segmentation, we ensure that all the experimen-
tal settings (e.g., random seed, LR scheduler, optimizer)
and hyper-parameters (e.g., number of layers, prompt em-
bedding dimensions, number of prompts) are identical to
VRP-SAM. Specifically, the model architecture of the vari-
ational prompt encoder is similar to VRP-SAM (see Sec-
tion 8 in Appendix for more details), except two linear lay-
ers have been added at the end of the prompt encoder to
predict the mean and log standard deviation of the multi-
variate prompt distribution. In other words, our method is
easy to implement with only a few lines of code, but can
effectively boost the robustness of generated prompts. Dur-
ing training, the number of Monte Carlo samples K has been
set to 10, with the degrees of freedom ε of 5. Also, we em-
ploy the AdamW [21] optimizer with weight decay of 1e-6
and the cosine annealing learning rate scheduler with warm
restart [22] after 15 epochs, and the initial learning rate of
1e-4. The model is trained with 100 epochs with a fixed ran-
dom seed of 321. For the choice of image encoder utilized
by the variational prompt encoder, ResNet-50 [7] is adopted
following VRP-SAM. In addition, our variational prompt
encoder predicts 50 multivariate prompt distributions per
target image and only uses 50 mean prompts during infer-
ence, which guarantees the same number of prompts have
been used in the experimental study for both VRP-SAM and
ProSAM. In terms of the visual annotation types, we follow
the same procedure as VRP-SAM [32] and SEEM [46] to
automatically generate points, scribbles, and boxes based
on the mask annotations. Lastly, the mean intersection over

union (mIOU) is adopted to evaluate our segmentation per-
formance across all datasets. All experiments on COCO-
20i were conducted on 4 RTX 4090 GPUs with a batch size
of 2 per GPU, whereas the experiments on Pascal-5i were
conducted on 1 H100 GPU with a batch size of 2. On a sin-
gle H100 GPU with batch size 2, ProSAM takes 0.19s per
training batch and 0.12s per inference batch.

5.2. Quantitative Evaluation

To assess the effectiveness of ProSAM, we compare our
method against the existing visual reference segmentation
methods via mIOU. Specifically, for both Pascal-5i and
COCO-20i, ProSAM is trained and tested for each fold sep-
arately to evaluate the models on the unseen classes only.
Unfortunately, we are unable to reproduce the VRP-SAM
results they reported in their paper, possibly due to the dif-
ferent hardware we had. Therefore, in order to ensure the
fairness of our quantitative comparison against VRP-SAM,
we reported the experimental results of both VRP-SAM
and our method under completely identical experimental
settings as mentioned in Section 5.1. The only difference
is the hyper-parameters introduced by learning multivari-
ate prompt t-distributions (i.e., Monte Carlo Samples K and
degrees of freedom ε), because those are not applicable to
VRP-SAM. For qualitative evaluations, please refer to Sec-
tion 11 in the Appendix.

Quantitative Comparison with FM-based Methods.
Powered by the recent advancement of vision founda-
tion models, several visual reference segmentation methods
achieved a performance breakthrough [20, 32, 35, 36, 45].
According to Table 1, our method with mask annotation
achieves the best performance among all SAM-based meth-
ods, and surprisingly obtains a comparable result as Seg-
GPT that is trained and tested on the same set of classes
within each fold. Compared with Matcher [20], which em-
ploys a larger image encoder DINOv2 ViT-L, we can still
achieve a superior performance using a more lightweight,
non-ViT backbone, ResNet-50. Compared with VRP-SAM,
our variational prompt encoder enables us to consistently
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outperform VRP-SAM on both datasets, no matter which
type of visual reference has been used. Also, the compari-
son over the confusion matrix against VRP-SAM (see Sec-
tion 10.1 in Appendix) showcases that ProSAM improves
the balanced performance by reducing both the false nega-
tives and false positives.

Quantitative Comparison with Few-Shot Methods.
To comprehensively evaluate our method, we also compare
ProSAM with the SOTA few-shot segmentation methods.
As shown in Table 2, we achieve SOTA performance on
both datasets with the least number of learnable parame-
ters. Note that all the experimental results are computed
on novel classes only, which demonstrate the robustness
and generalizability of our variational prompt encoder. Es-
pecially compared with DCAMA [30], which has 47.7M
learnable parameters, we can still outperform it with only
1.73M learnable parameters.

Generalizability Study Under Domain Shift. The gen-
eralization capability of ProSAM under domain shift is crit-
ical, as it highlights our performance in scenarios where
there is a substantial difference between the domains of
the training data and testing data. Following the previ-
ous works [23, 32, 33], we conducted the generalization
study under the domain shift from COCO-20i to PASCAL-
5i. Specifically, the models are trained on COCO-20i and
exclusively tested on novel classes from PASCAL-5i that
were not included in COCO-20i during training. As shown
in Table 3, ProSAM with ResNet-50 is able to outperform
all other methods, even though their performance on mIOU
is already sufficiently high. This result demonstrates the ex-
traordinary generalization capability of ProSAM under the
significant domain difference between training and testing.

Table 3. The generalization evaluation under the domain shift from
COCO-20i to PASCAL-5i. For all methods, mask annotations are
employed as the visual reference. The average mIOU across 4
folds is reported as the evaluation metric.

Methods Image Encoder Mean mIOU
ProSAM ResNet-50 77.65

VRP-SAM [32]

ResNet-50

76.44
RPMM [40] 49.6
PFENet [33] 61.1

RePRI [4] 63.2
VAT-HM [24] 65.1
HSNet [23] ResNet-101 64.1

DGPNet [11] 70.1
FP-Trans [43] DeiT-B/16 69.7

5.3. Verification Study
As described in Section 4.2, the primary motivation be-
hind the proposed variational prompt encoder is to gener-
ate more robust prompts that lie away from the boundaries
of the target prompt region RIr,Mr,It . To empirically val-
idate this, we conducted two complementary studies to as-
sess the robustness of prompts generated by ProSAM. Due
to the page limit, additional verification studies are included

in Appendix Section 9.
Robustness to Noise Perturbation. If our generated

prompts truly stay away from the boundaries of the tar-
get prompt region, then a small perturbation applied in
the latent prompt embedding space should result in mini-
mal degradation in mask quality. To evaluate this, we in-
jected Gaussian noise into the prompt embeddings of both
ProSAM and VRP-SAM during inference and analyzed
their robustness. As shown in Figure 4, when the standard
deviation of Gaussian noise is set to 1.2, the mIoU of VRP-
SAM degrades by approximately 40%, while ProSAM only
shows a 20% drop. Overall, VRP-SAM exhibits a much
greater sensitivity to noise, suggesting that its prompts
tend to lie near the boundaries of target prompt regions,
whereas ProSAM prompts remain significantly more sta-
ble under perturbations, providing evidence that they are
located closer to the center of the target prompt region.

Figure 4. Gaussian noise perturbation on ProSAM prompts and
VRP-SAM prompts in the latent space. Both ProSAM model
and the VRP-SAM model are trained on PASCAL-5i F-0, and the
noise perturbation is injected during inference.

Proximity to Center Prompts. We further assess
prompt robustness by measuring the similarity between the
predicted prompts and center point prompts in the ground-
truth masks. Since the center prompt of the target prompt
regions is unobservable, we approximate it using the latent
prompt embedding of the center point prompt in the ground-
truth masks because those are the most robust prompts
we can obtain. Specifically, we identified the center pix-
els in the ground-truth masks and fed them into the SAM
prompt encoder to get their corresponding prompt embed-
dings. Then, for each fold in PASCAL-5i, we computed
the cosine similarity between the predicted prompts and
the embeddings of the center point prompts. As shown in
Table 4, ProSAM prompts consistently exhibit higher co-
sine similarity to the center point prompts than VRP-SAM
prompts. This observation further supports our hypothesis
that ProSAM generates prompts more aligned with the cen-
tral and robust regions of the target prompt region. Addi-
tionally, we evaluated the statistical relationship between
cosine similarity and segmentation quality by computing
the Pearson correlation coefficient between cosine similar-
ity and mIoU. A positive correlation coefficient of 0.365
suggests that prompts closer to the center point prompt are
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more likely to yield high-quality segmentation results.

Table 4. The average cosine similarity between predicted prompts
and the embeddings of center point prompts in ground-truth mask.

Cosine Similarity
to Center Prompts

Methods

VRP-SAM ProSAM

F-0 0.0072 0.0122
F-1 0.0127 0.0291
F-2 -0.0040 0.0341
F-3 0.0106 0.0420

5.4. Ablation Study
To thoroughly evaluate the effectiveness of different com-
ponents of ProSAM, we conduct ablation studies on three
different aspects: formulations of prompt distribution, in-
ference strategies, and choices of image encoder. Due to
the page limit, our comparison against VRP-SAM with the
same number of learnable parameters and more choices of
image encoder, is presented in Appendix Section 10 .

Formulations of Prompt Distribution. As discussed
in Section 4.2, a straightforward approach to modeling the
prompt distribution P (z|Ir,Mr, It) is to assume it follows
a multivariate Gaussian distribution. Consequently, we per-
form an ablation study under this assumption, applying the
reparameterization trick inspired by VAE [13]. As shown
in Table 5, with different K and ε, ProSAM with Gaussian
prompt distributions consistently under-perform compared
to t-distributions. This result highlights that the heavy-
tailed nature of the t-distribution encourages a more ro-
bust mean prompt by enforcing a larger 4th-order curvature
penalty, which in turn significantly enhances our testing per-
formance on novel classes.

Table 5. Ablation study on Gaussian prompt distribution. K de-
notes the number of Monte-Carlo samples, and ω represents the
degrees of freedom of multivariate t-distribution.

Method Parameters PASCAL-5i Method Parameters PASCAL-5i

K ε Means K ε Means

ProSAM
10 5 72.04 ProSAM

w/ Gaussian

10 - 71.41
10 3 71.55
15 5 71.42 15 - 71.01
15 3 71.02

Choices of Image Encoder. Image encoder, as part of
the prompt encoder, plays an important role in generating
accurate prompt embeddings. A more powerful image en-
coder can generate image embeddings with more accurate
semantics, hence leading to better prompt embeddings. To
evaluate the generalizability of our method, we use a pow-
erful self-supervised image encoder, the pre-trained DINO-
v2 [26] ViT-B to extract visual features. As shown in Ta-
ble 6, we can see that DINOv2 indeed can significantly
improve the mIOU for both VRP-SAM and our method,
compared with ResNet-50. More importantly, we achieve
a higher mIoU compared to VRP-SAM when both meth-

ods utilize DINOv2 as the image encoder. This result high-
lights the strong generalization capability of our variational
prompt encoder across different image encoders.

Table 6. Ablation study on different image encoders.

Methods Image
Encoder

COCO-20i

F-0 F-1 F-2 F-3 Mean

VRP-SAM ResNet-50 47.02 54.24 59.91 51.95 53.28
DINOv2 ViT-B/14 53.68 59.74 60.24 58.96 58.15

ResNet-50 48.74 55.55 60.72 53.49 54.63ProSAM DINOv2 ViT-B/14 54.49 60.57 61.81 59.8 59.16

Inference Strategies. During inference, the predicted
mean prompt µ̂z is employed to generate the predicted
mask, since the robustness of µ̂z can be guaranteed due to
the existence of margin between µ̂z and the boundary of
target prompt region RIr,Mr,It . However, it is still interest-
ing to see the effectiveness of utilizing randomly sampled
prompts from the learned prompt distribution during infer-
ence. Therefore, we experimented with 5 different infer-
ence strategies, in which we sample K prompts and merge
their corresponding K masks in 5 different ways. Specifi-
cally, they merge either the logit masks or the binary masks
given a threshold of 0.5. From Table 7, all the inference
strategies with different ways of merging K masks achieve
comparable results to using only the mask prompted by the
µ̂z . This indicates that our learned multivariate prompt dis-
tribution spans over the target prompt region.

Table 7. Ablation study on different inference strategies. Their
mIOU on F-0 of PASCAL-5i is presented.

Methods Inference Strategies mIOU

ProSAM mean prompt only 75.26

ProSAM

max of K logit masks 74.69
mean of K logit masks 75.16
max of K binary masks 74.67
mean of K binary masks 74.92

majority vote of K binary masks 75.05

6. Conclusion
This paper presents ProSAM, a novel probabilistic prompt
generation method that significantly enhances the robust-
ness and zero-shot segmentation capability of SAM-based
visual reference segmentation methods. By introducing a
variational prompt encoder to learn a multivariate prompt
distribution, we address the shortcomings of less robust
prompts in existing approaches and thus consistently gen-
erate stable, high-quality masks. Through comprehen-
sive experiments, ProSAM demonstrates superior perfor-
mance over SOTA methods on the Pascal-5i and COCO-20i

datasets, highlighting its potential as a reliable and effective
solution for visual reference segmentation. Our findings un-
derscore the importance of probabilistic prompt generation
approaches in prompt-based segmentation and pave the way
for future research in this domain.
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