The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Training-free Open-Vocabulary Semantic Segmentation via
Diverse Prototype Construction and Sub-region Matching

Xuanpu Zhao'??, Dianmo Sheng'??, Zhentao Tan'*3, Zhiwei Zhao'>*
Tao Gong'??, Qi Chu'??**, Bin Liu"*?, Nenghai Yu!->*
'School of Cyber Science and Technology, University of Science and Technology of China
2 Anhui Province Key Laboratory of Digital Security
3the CCCD Key Lab of Ministry of Culture and Tourism
zhaoxuanpu,dmsheng,tzt,zwzhao98 } @mail.ustc.edu.cn, {tgong,qchu,fowice,ynh} @ustc.edu.cn
p g gong,q y

Abstract

Open-vocabulary semantic segmentation (OVSS) aims to
segment images of arbitrary categories specified by class la-
bels. While previous approaches relied on extensive image-
text pairs or dense semantic annotations, recent training-free
methods attempted to overcome these limitations by con-
structing semantic prototypes in the construction stage and
image-to-image matching (i.e., prototype matching) during
testing. However, these methods often struggle to effectively
capture the visual characteristics of categories and fail to uti-
lize local features during prototype matching. To deal with
these problems, we propose a novel training-free framework
for OVSS that constructs diverse prototypes and performs
fine-grained sub-region matching. Specifically, our method
leverages Large Language Models (LLMs) to guide support
image generation by descriptions of different attributes of cat-
egories and employs coarse-fine clustering to obtain diverse
and robust part-level prototypes in the construction stage.
During testing, we propose a sub-region matching method,
which assigns part-level prototypes to sub-regions utiliz-
ing optimal transport, to fully utilize local image features
among part-level prototypes. Extensive experiments demon-
strate the effectiveness of our method and show that our
method achieves state-of-the-art performance, outperforming
previous methods across five datasets.

Introduction

Open-vocabulary semantic segmentation (OVSS) (Ghiasi
et al. 2022) classifies pixels in an image into a set of arbi-
trary categories that are specified by textual input. It is chal-
lenging since it requires assigning pixels to the correct se-
mantic label from a large vocabulary. To solve this challeng-
ing task, some works (Xu et al. 2022b; Liang et al. 2023;
Xu et al. 2023b; Han et al. 2023) generate class-agnostic
mask proposals firstly and then classify the proposals using
vision language models, i.e., CLIP (Radford et al. 2021) and
ALIGN (Jia et al. 2021). However, These methods require
dense semantic annotation and face issues of transferring the
image classification capabilities of vision-language models
to region classification(Zhou et al. 2023; Liu et al. 2024; Jiao
et al. 2023). Other works perform contrast learning through
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Figure 1: Motivation of this work. (a) We construct diverse
prototypes with the guidance of LLM. (b) We assign dif-
ferent part-level prototypes to sub-regions for fine-grained
matching and utilization of complementary information.

weak supervision from image-text pairs (Xu et al. 2022a;
Luo et al. 2023; Xu et al. 2023a) to overcome this limita-
tion. These methods require a large number of image-text
pairs but still struggle to output high-quality mask proposals
due to a lack of fine-grained supervision.

Recently, some training free manners (Karazija et al.
2023; Wang et al. 2024; Barsellotti et al. 2024) achieve
promising performance following a two-stage framework,
i.e., semantic prototypes construction in the construction
stage and similarity comparison during the test stage. To be
specific, OVDIff first proposes to construct semantic pro-
totypes via stable diffusion model (Rombach et al. 2022)
and compare the similarity between the test image and con-



structed prototypes. RIM (Wang et al. 2024) introduces
a ranking-based matching process into the framework and
FreeDA (Barsellotti et al. 2024) proposes to collect proto-
types from a large set of captions.

We argue that there are two key points to achieve good
performance for OVSS, 1) diverse prototypes to capture
the visual characteristics, and 2) appropriate image-to-image
matching method to better utilize the prototypes. However,
the above methods (Karazija et al. 2023; Wang et al. 2024;
Barsellotti et al. 2024) have failed to meet these two key
points. They either depend on labeled captions of the seg-
mentation dataset or use naive prompts like ‘A good photo
of a cat.” for generating images. The former requires a great
quantity of manual labeling and the constructed prototypes
can’t well represent a category not included in these cap-
tions. The latter leads to a lack of diversity in the generated
prototypes and therefore does not encapsulate the charac-
teristics of real data, which is usually variable. Besides, the
category of the region is determined simply by the whole-
level prototype (i.e., representing the global feature within
the foreground area of the generated image) that is most sim-
ilar to the regional features. This loses a lot of local infor-
mation and does not utilize the information among different
prototypes. To be specific, for a certain region of a car to
be classified (as shown in Figure 1), different sub-regions of
the region have a high similarity with parts of different sup-
port images belonging to a car (e.g., the door in the region
is similar to the door in a support image, while the wheel in
the region is similar to the wheel in another support image).
However, the similarity between the whole region and the
whole foreground area of the support image may not be high
due to average pooling. Additionally, more than one support
image may have a high similarity with the region but only
the highest similarity is used and others are discarded, lead-
ing to an inadequate utilization of prototypes.

To tackle the first issue mentioned above, we expand the
naive prompt with various descriptions about different at-
tributes generated by LLMs (Touvron et al. 2023a,b; Meta
2024) to inject diversity into image synthesis. To retain lo-
cal features of the synthesized images, we map them to part-
level prototypes. Further, we conduct prototypes fusing with
our coarse-fine clustering method to get more representa-
tive part-level prototypes and filter out noise caused by some
low-quality parts. Through the analysis of the second ques-
tion in the previous paragraph, we believe that it’s more suit-
able to compare a proposal to be classified with parts from
all support images than those from a single support image.
Therefore, we propose to assign all the part-level prototypes
to sub-region features of a proposal and a dustbin via op-
timal transport (OT) (Rubner, Tomasi, and Guibas 2000).
This process activates the part-level prototypes from differ-
ent support images that have a high similarity to the sub-
regions. Our approach enables a fine-grained similarity com-
parison and avoids the underutilization existing in previous
methods. To sum up, the contributions of this paper are as
follows:

* We leverage LLM-guided image synthesis and a coarse-
fine prototype fusing method to construct diverse and ro-
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bust prototypes.

We propose a sub-region matching method that utilizes
OT to realize a fine-grained similarity comparison be-
tween test images and support images and full utilization
of the information among all prototypes.

Experiments show that our method achieves state-of-the-
art performance on six datasets, without requiring train-
ing and extra datasets.

Related Work
Open-Vocabulary Semantic Segmentation

SimSeg (Xu et al. 2022b) proposed a simple two-stage
framework using CLIP for open-vocabulary classification of
mask proposals. The following works (Xu et al. 2023b;
Liang et al. 2023; Xu et al. 2023b) attempt to align the
proposal generator and CLIP. However, these methods are
hindered by their reliance on costly dense annotations, pos-
ing a challenge in cases where such annotations are difficult
to obtain. Other works have attempted contrastive learning
from large-scale image-text pairs (Xu et al. 2022a; Luo et al.
2023; Xu et al. 2023a). Although not using dense annota-
tion, these works often encounter spatial confusion in dense
prediction tasks (Yi et al. 2023).

Training-Free OVSS

Some recent works (Karazija et al. 2023; Wang et al. 2024;
Barsellotti et al. 2024) solve OVSS via support images syn-
thesis and similarity comparison. Among them, OVDIff first
proposes to construct semantic prototypes via stable diffu-
sion model (Rombach et al. 2022) and compare the simi-
larity between test image and prototypes. RIM (Wang et al.
2024) introduces a ranking-based matching process into the
framework, and FreeDA (Barsellotti et al. 2024) proposes
to collect prototypes from a large set of captions. Although
achieve promising results in training-free OVSS, they only
use naive prompts or require a great quantity of manually
labeled captions for support images synthesis. Additionally,
they failed to perform fine-grained matching between im-
ages and fully utilize the information among prototypes.

Optimal Transport

Optimal transport (OT) is a classical optimization problem
that can be visualized as moving a pile of earth to match an-
other pile with the least effort (Rubner, Tomasi, and Guibas
2000). It is adopted in many computer vision applications.
In domain adaptation, (Flamary et al. 2016) proposed using
OT for aligning source and target distributions. For local fea-
ture matching, (Ni et al. 2023) developed PATS, which em-
ploys OT to match image patches. Semantic correspondence
has also benefited from OT formulations. (Liu et al. 2020)
cast semantic correspondence as an OT problem, allowing
for more robust matching between images with significant
appearance variations. In panoptic segmentation, (Li et al.
2023) proposed Point2Mask to formulate point-supervised
segmentation as an OT problem and enable the generation
of high-quality segmentation masks from sparse point anno-
tations. To our knowledge, we are the first to adopt OT in the
field of Open-vocabulary Semantic Segmentation.
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Figure 2: The first row shows the overview of our method. In Diverse Prototype Construction, we adopt LLM and coarse-
fine clustering to get diverse and robust semantic prototypes. In Sub-Region Matching, similarity comparison is carried out
between sub-region features and fused part-level prototypes during testing. The second row shows the details of Region Pooling

and Coarse-Fine Clustering.

Method

Overview

We show the framework of our method in the first line of
Figure 2. In diverse prototype construction, we use LLM
(Touvron et al. 2023a,b; Meta 2024) to guide the diffusion
model (Rombach et al. 2022) in generating support images,
accompanied by attention maps that locate the foreground
area (Hertz et al. 2022; Tang et al. 2022). The feature of
these support images extracted by feature extractor and at-
tention maps are mapped to fused part-level prototypes (de-
noted by ‘Fused P-level Prototypes’ in Figure 2) via region
pooling and coarse-fine clustering. During the test stage,
SAM and superpixel (denoted by ‘Supixel” in Figure 2) are
adopted to generate mask proposals for the test image, and
the sub-region features of each proposal are extracted via the
same feature extractor. Sub-region matching between fused
part-level prototypes and sub-region features to determine
each proposal’s class. The details are as follows.
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Diverse Prototype Construction

LLM-Guided Image Synthesis To inject diversity into
images synthesized by stable diffusion model, we resort to
large language model to generate K various descriptions
for all C' candidate classes about each of the follow-
ing four attributes: state, feature, co-occurrence object
and location. These descriptions can be denoted by 7T, =
{tt o t2 o, tE, |a € (state, feature, object, location),
¢ € C}. For example, when generating descriptions about
the ‘location’ attribute for car, we ask LLM by ‘List
different locations in which a car may appear in an
image. Generate K short descriptions about car in
these locations. Each description should start as A
photo of car’. We generate a support image with each
description and get a set of support images of a category
Se = {S&,Sf,--~ ,SNc e C} N =4K.

Next, we locate the foreground area of category c on sup-
port images .S, and split the area into parts to construct both
whole- and part-level prototypes. Specifically, for a support
image Si,i € {1,---,N} of category ¢, we compute a
score map by averaging the cross-attention maps (Hertz et al.



2022; Tang et al. 2022)
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where ¢, [ and h index diffusion time steps, denoising layers

and cross-attention heads respectively. We then normalize

the score map to [0, 1] and threshold it to v and get a bi-
nary mask My, (S, c) € {0, 17" for foreground area.

Finally, the foreground area of S’ is mapped to whole-level
feature as

we = MAP(p1(S¢), C1(Myy)), 2

where 7 is the UNet of stable diffusion, ¢;(-) denotes
the bilinear interpolation which resizes binary mask to the
size of feature map extracted by p; and M AP denotes
mask average pooling. Further, we exploit a superpixel al-
gorithm (Felzenszwalb and Huttenlocher 2004) to partition
S¢ by grouping pixels into non-overlapping parts, which can

be denoted by Ry, Ra,--- , Rp € {0,1}*" and F is the
number of superpixels. These parts of S, are mapped to part-
level prototypes

pif = MAP(2(S), o(Mpg ©® Ry)), f € F, (3)

where o is the feature extractor of DINOV2, (5(-) de-
notes the bilinear interpolation which resizes binary mask
to the size of DINOv2’s feature map. We denote the
whole-level feature and part-level prototypes of all cat-

egories as () {wili=1,2,-- ,N}CC and P

{pit-Fli=1,2,-- ,N}CC respectively.

Coarse-Fine Clustering To make the constructed pro-
totypes more diverse and robust, we increase the scale
of prototypes by ~ times and fuse these prototypes
back to its original scale with our coarse-fine clus-

tering method. To be specific, there are support im-
ages S = {Sé|z =1,2,--- ,nN}f, whole-level fea-
tures @ = {wi|i=1,2,-- ,ﬁN}f and part-level pro-
totypes P = {pit-Fli=1,2,. .. ,KZN}CC after scal-

ing up. Take category c for an example, we first group
the support images {Sl|z =1,2,--- ,kN} into N coarse
clusters {Clul,Clu2, -, Clull} with their correspond-
ing whole- level features using the K-means algorithm. In-
side a coarse cluster (i.e., C’lui), we once again use the
K-means algorithm to classify the part-level prototypes
{pj‘l o F|SI e C’lui} into fine cluster and take the clus-
ters center as the fused part-level prototypes pi1: ¥, where
1 denote which coarse cluster these part-level prototypes be-
long to and F' is the number of fused parts or fine clusters
in the coarse cluster C’luf:. Finally, we denote all the fused

part-level prototypes as P = {pit Fli = 1,2, ,N}CC.

Sub-Region Matching

Revisit to Optimal Transport Suppose a set of suppliers
S ={si =1,2,--- ,m} are required to transport goods to
another set of consumers D = {d;|i = 1,2,--- ,n}, where
s; denotes the supply units of supplier ¢ and d; represents
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Figure 3: Illustration for sub-region matching. For clarity,
we show an example with only three categories.

the demand of demander j. Meanwhile, the total supply
units should equal total demand units, »Z;s; = >, d;.
A cost function c¢;; specifies the cost of transporting one
unit of goods from supplier ¢ to consumer j. The goal of
OT (Rachev 1985) is to find a transportation plan X
{ziyli=1,2,---,m,j=1,2,--- ,n} that minimizes the
total transportation cost:

o
Coiis
X i=1 b—j=1 7Y
n .
s.t. E j:1$ij:5i,’b:1’...7
o dj, j=1
I": . f— ... n
=1 iJ 79 J ) )

“4)

7m7j:1a"'7n

This optimization problem can be efficiently tackled with
Sinkhorn Iteration (Cuturi 2013).

Optimal Transport for Sub-Region Matching For clarity,
we first explain the case when x = 1 (no coarse-fine cluster-
ing is conducted in this case).

For a test image, we generate class-agnostic mask pro-
posals and sub-regions with SAM and superpixel algorithm
respectively. Similar to part-prototypes construction in equa-
tion 3, we get the features of sub-regions in a mask proposal

qf = MAP(¢2(Itest)>C2(MpQRf))af S &)
In equation 5, M), I;.s; and F represent mask proposal, the
test image and the number of sub-regions respectively while
the meaning of other symbols is the same as in equation 3.

Based on our analysis before, we propose to activate
and assign some of the part-level prototypes to @
{¢/, f =1,..., F} while restraining and discarding others
according to the similarity between () and the previously
constructed P. Once this matching process is completed, we
can calculate the quantity of prototypes assigned to ) in dif-
ferent categories and decide category of the proposal with
the quantity. To realize this design, we define all part-level
prototypes in P as the m suppliers, features of sub-regions
in Q as the n demanders and one minus cosine similarity



between them as the cost
S -D;
[Sill2 - 1D;ll2

Intuitively, a supplier (demander) will play a more impor-
tant role in the optimal transport problem if it has more sup-
ply units. Therefore, if the area corresponding to a part-level
prototype (sub-region) occupies a larger proportion in the
foreground (mask proposal), we allocate more supply (de-
mand) units to it. Because we believe that area can, to some
extent, reflect the importance of a certain part within the
whole foreground. From this, we derive the supply units of
the i*" supplier (corresponding to p”/ in P) and the demand
units of the j** demander (corresponding to ¢/ in Q)

(6)

Cijzlf

L _ 1. SUM(M;,©Ry) -
"N ZfeFSUM(MfQQRf)
M(M,

T Y er SUM(M, ® Ry)’

where SU M represents the summation over all elements in
matrix, Ily in equation 7 and equation 8 represents super-
pixels of the support images S and a test image [;.q; re-
spectively. With these supply units, demand units and cost,
we formulate our optimization problem as follows

. m n
min E g CiiTi;
X i=1 b—j=1 I
n
>

m .
Zi:l Ti5 = dj, J = 1, ey N

Ilj Z 0, ’L = 17 ...,m,j = 17 ceey T

s.t. Tij < Siy 1= 1,...,m

©))

Note that there is an imbalance between the supply and de-
mand (3_;s; = C') ;d; = C), which means only part
of the supply units are delivered to demanders. This imbal-
ance is necessary because suppliers can choose to transmit
only the goods with small transmission cost (part-level pro-
totypes that have high similarity with sub-region features)
rather than all the goods. In the latter case, we cannot ob-
tain any useful information because all categories choose
to transmit one unit of goods. To solve problem 9, we add
a dustbin as the (n + 1)** demander demanding (C — 1)
units of goods and set the cost from suppliers to the dustbin
demander as zero, which balances supply and demand thus
derives our final problem with the same form as problem 4:

) m n m 0
min E E CijTij + E “ T
Y =1 =1 igLijg i(n+1)

i=1

n
s.t. E j_lxij+xi(n+1) =s;,t=1,---,m

) | (10)
Zizlxij :djv J= 11 y
Zi:l xi(n-{-l) =C-1

CCijZO, i=1,---,m,j=1,--- ,n,n+ 1

Problem 10 is equivalent to Problem 9 and is a standard op-
timal transport problem that can be solved efficiently using
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the Sinkhorn iteration. We illustrate the Problem 10 in the
left part of Figure 3 with an example when there are three
categories. As shown in right part of Figure 3, we obtain the
probability distribution of the proposal’s category from the
transportation plan X:

PlelX) =30 3w

iele j=1

(1)

where I'. = {i|S; € P.}.

There are only a few changes when it comes to the case
where x > 1 (coarse-fine clustering is conducted in this
case). The part-level prototypes P should be replaced by
fused part-level prototypes P and the supply units of the i*"
supplier (corresponding to ﬁg?f ) should be replaced by fol-
lowing summation

12)

where \I/g?f denotes the set of index of part-level prototypes
used to fuse - /.

Experiments
Dataset and Evaluation Metric

We evaluate our method on the validation splits of tradi-
tional semantic segmentation benchmarks, namely Pascal
VOC 2012 (Everingham et al. 2010), Pascal Context (Mot-
taghi et al. 2014), ADE20K (Zhou et al. 2017, 2019) and
COCO Stuff (Caesar, Uijlings, and Ferrari 2018). We also
validate our method when considering an additional ‘back-
ground’ class. For this case, we evaluate our method on the
validation splits of Pascal Context (denoted by Context-60)
and COCO Object (Lin et al. 2014) with an additional ‘back-
ground’ class. We use the mean of class-wise intersection
over union (mloU) to measure the performance.

Implementation Details

We use the Llama3 (Meta 2024) as our LLM to gener-
ate diverse descriptions for each class. For the support im-
age generation, we employ Stable Diffusion v2-base (Rom-
bach et al. 2022) with 50 diffusion steps. We employ DI-
NOvV2 (Oquab et al. 2023) with a ViT-B (Dosovitskiy et al.
2020) with an input image size of 518 x 518. This leads
to dense features with a size corresponding to 37 x 37.
SAM (Kirillov et al. 2023) with ViT-B is adopted as our
mask proposal generator for the test image. We collect
32x32 prompt points in a grid manner to generate mask pro-
posals for the test images. We also use the Felzenszwalb’s al-
gorithm (Felzenszwalb and Huttenlocher 2004) for extract-
ing superpixels. To get diverse support images, we set the K
and « to be 16 and 8 respectively. For the foreground mask,
we set the threshold v = 0.4 which can filter out most of the
background area.

Comparison With the State-of-the-Art Methods

We first compare our method with recent state-of-the-art
methods for training-free open-vocabulary semantic seg-
mentation. Specifically, we include DiffSeg (Wang et al.



mloU

Method Training Dataset Supervision Training-free VOC20 Context59 Stwff ADE Context-60 Object
OpenSeg (Ghiasi et al. 2022) COCO Stuff SM X - - -
SimSeg (Xu et al. 2022b) COCO Stuff SM X - - -
OvSeg (Liang et al. 2023) COCO Stuff SM X - - -
ReCo (Shin, Xie, and Albanie 2022) ImageNetlk* - v 57.7 22.3 16.3 11.2 19.9 15.7
MaskCLIP (Zhou, Loy, and Dai 2022) LAION 1T X 74.9 26.4 164 9.8 23.6 20.6
GroupViT (Xu et al. 2022a) CC12M 1T X 81.5 23.8 154 9.2 18.7 27.9
TCL (Cha, Mun, and Roh 2023) CC3M+CCI12M IT X 83.2 339 224 17.1 304 30.4
DiffSeg (Wang et al. 2023) - - v - - - - 27.5 37.9
SCLIP (Wang, Mei, and Yuille 2023) - - v 80.4 33.0 224 146 30.4 30.5
GEM (Bousselham et al. 2024) - - v - 34.5 - 17.1 - -
ClearCLIP (Lan et al. 2024a) - - v 80.9 359 239 167 32.6 33.0
ProxyCLIP (Lan et al. 2024b) - - v 80.3 39.1 265 20.2 353 37.5
LaVG (Kang and Cho 2024) - - v 82.5 34.7 232 158 31.6 342
OVDiff (Karazija et al. 2023) - - v 81.7 33.7 - 14.9 30.1 34.8
RIM (Wang et al. 2024) - - v 77.8 343 - 17.0 - -
FreeDA (Barsellotti et al. 2024) COCO Captions* Cap v 85.6 43.1 27.8 224 38.3 374
Ours - - v 86.5 43.9 28.5 242 394 38.4

Table 1: Comparison with state-of-the-art unsupervised open-vocabulary semantic segmentation models. The mark « refers to
datasets used for support only. For the supervision type, ‘SM’ denotes segmentation mask, ‘IT’ denotes image-text pairs, and

‘Cap’ denotes captions only.

Proto Construction | | mloU
Sub-Region Matching

LLM Clustermg ‘ | Context-59  ADE
X X X 37.46 21.87
v X X 40.66 22.33
v v X 41.16 22.40
X X v 37.30 21.22
v X v 42.76 23.28
v v v 43.88 24.18

Table 2: Ablation study on different components.

2023), SCLIP (Wang, Mei, and Yuille 2023), GEM (Bous-
selham et al. 2024), ClearCIIP (Lan et al. 2024a), Proxy-
CLIP (Lan et al. 2025) and LaVG (Kang and Cho 2025) that
utilize image-text similarity and ReCo (Shin, Xie, and Al-
banie 2022), OVDiff (Karazija et al. 2023), RIM (Wang
et al. 2024), and FreeDA (Barsellotti et al. 2024) which also
exploit the arbitrary input categories to obtain a set of vi-
sual references. We also compare with MaskCLIP (Zhou,
Loy, and Dai 2022), which introduces some modifications
to the CLIP architecture to exploit its multimodal embed-
ding space, and GroupViT (Xu et al. 2022a) and TCL
(Cha, Mun, and Roh 2023) which rely on extensive con-
trastive training on large-scale image-text pairs to learn a
textual-visual alignment. Further, we list the performance of
OpenSeg (Ghiasi et al. 2022), SimSeg (Xu et al. 2022b)
and OvSeg (Liang et al. 2023) for reference, which trains
a proposal network and finetunes a VLM by supervision of
densely labeled segmentation masks.

We report the results on four benchmarks in Table 1.
As shown, our solution achieve the best results on all
datasets, surpassing all the competitors by a consistent mar-
gin. Specifically, we achieve an average improvement of 5.6
mloU points with respect to OVDiff, which adopts the same
setting as ours. We also surpass FreeDA which uses an extra

10479

Proto Construction | Matching Method \ ToU

LLM  Clustering | single img-to-cls all img-to-img | mie
v X 4 40.66
v X v 41.25
v X v 41.72
v X v 42.76
v 4 v 41.05
v v v 42.56
v v v 43.88

Table 3: Ablation study on different matching method.

Clustering Method \
- : : mloU
no clustering no scalingup plain corse-fine \
v 42.23
v 42.76
v 43.34
v 43.88

Table 4: Ablation study on coarse-fine clustering

dataset for support image synthesis. It’s a surprise that we
even achieved performance comparable to SimSeg, which
indicates that the method of generating visual reference fea-
tures based on diffusion models has a promising future.

Ablation Studies

Ablation Study on Different Components We first con-
duct a series of ablation studies to thoroughly investigate
the impact of each component of the proposed method on
Context-59 and ADE datasets. As shown in Table 2, the 1°¢
to 37 rows are ablation studies without sub-region matching
and the 4" to 6" rows are those with sub-region matching.
In the 1%* and 2"? rows, we conduct image matching via
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Figure 4: T-SNE visualization of whole-level prototypes
constructed from naive prompt (yellow dots) and those con-
structed from LLM’s descriptions (blue dots).

cosine similarity with the whole-level prototypes (different
from whole-level feature used only for guiding coarse-fine
clustering) following previous works. The whole-level pro-
totype is constructed similarly as whole-level feature except
that the feature map comes from DINOV2. In the 374 row,
we use a weighted combination of the cosine similarity be-
tween the sub-region features of a proposal and the part-level
prototypes from a support image. It’s shown that the LLM’s
descriptions, coarse-fine clustering and sub-region matching
are all usefull. Interestingly, in the 3" line, the sub-region
matching algorithm causes a slight performance degradation
when used without LLM and we attribute this to the lack of
diversity of part-level prototypes.

In Figure 4, we show the T-SNE visualization of whole-
level prototypes constructed from naive prompts (yellow
dots) and those constructed from LLM’s descriptions (each
sub-figure represents a category). It can be observed that
the prototypes generated from the descriptions of the LLM
cover a wider area in the feature space. The predicted prob-
ability of the ground truth category is counted while using
image-to-image matching and sub-region matching respec-
tively and we show their distributions in Figure 5. When us-
ing image-to-image matching, the predicted probability of
the GT category is mainly centered on 0.01 to 0.13, which
illustrates the confusion of model. However, after using sub-
region matching, the probability is spread out to larger val-
ues, indicating that the model became more deterministic in
classification.

Ablation Study on the Matching Strategy We also com-
pare the performance of different matching methods on
Context-59. In the 1°¢ row of Table 3, we compute the co-
sine similarity between the feature of a mask proposal and
all the whole-level prototypes. We categorize a proposal as
category c if the most similar prototype belongs to cate-
gory c. This is the simple image-to-image matching strategy
adopted by previous work (corresponding to the 2 row in
Table 2). Based on this strategy, we replace the cosine sim-
ilarity between a mask proposal and a prototype with the

0.14
GT probability from
0.12 image-to-image matching
2 GT probability from
@ 0.10 sub-region matching
(5}
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Figure 5: Distribution of the predicted probability of the
ground truth class.

EMD distance (Rubner, Tomasi, and Guibas 2000) between
sub-region features of the proposal and the part-level pro-
totypes a support image (2"¢ and 5" row), which enables
finer-grained matching. At this point, we question whether
it is better to match different sub-regions of a proposal to
prototypes from different support images, rather than proto-
types from just one. To verify this, we calculate the EMD
distance between the sub-region features of a proposal and
all part-level prototypes of each category and took the near-
est category as the predicted category (3"¢ and 6" row).
Based on this, we propose our final sub-region matching
method (4" and 7*" row).

As shown in table 3, replacement of cosine distance to
EMD distance can bring some performance improvement.
After matching the sub-region features with all the part-level
prototypes, the performance further improves , demonstrat-
ing that the complementary information is very useful in the
matching.

Ablation Study on the Coarse-Fine Clustering In this sec-
tion, we first compare our coarse-fine clustering with the
plain clustering method, which directly uses the K-means
algorithm to fuse the part-level prototypes (the 3"¢ and 4"
row in Table 4). It’s shown that our coarse-fine clustering
is better than the plain clustering. Next we discard the clus-
tering and use the prototypes directly after scaling up (the
1%t row in Table 4). It can be observed that there is a sig-
nificant performance degradation without clustering. We at-
tribute this to the noise introduced to the part-level proto-
types when the number of generated support images scales
up. This indicates that clustering is necessary to ensure the
quality of part-level prototypes while the diversity increases.

Conclusions

In this work, we presented a training-free framework to
tackle OVSS. We construct diverse prototypes with the guid-
ance of LLM and coarse-fine clustering. Then we conduct
sub-region matching between sub-region features and con-
structed prototypes. Experimentally, we achieve state-of-
the-art results on six datasets.
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