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Figure 1. A detailed explanation of the pseudo point determination
process. The proposed method introduces diversity in the pseudo
point coordinates at the low-resolution feature level.

1. Details of Pseudo Point Generation

In this section, we provide additional details about the
pseudo point generation process in the proposed PPG mod-
ule. In the traditional prompt encoder of SAM [6], integer
coordinate values corresponding to the actual image size
are used as input. However, the proposed pseudo points
are measured at the level of a low-resolution feature map,
which reduces the diversity of possible pseudo point coor-
dinates. To address this issue, we employ a linear sampling
method that utilizes neighboring pixel values to generate
pseudo point coordinates, as illustrated in Figure 1.

First, let the vision-language correlation map for class n
be denoted as C7);,; € RXHXW "and the clustering mask as
M € {0,1}*H>W _The position (i*, j*) with the high-
est probability within the mask region can be expressed as
follows:

(i*,5%) = argmax (Cog)ij - (1
(6.5)e{(G)I(Mp) =1}

Next, as shown by the red box in Figure | , a 3 x 3 region

around (i, j*) is defined. Also, the coordinates (:*, j*) are

normalized to the range [0, 1], resulting in the normalized

coordinates (x, y). In other words, if the original image size

is W x H, then z = j*/W and y = ¢*/H. Finally, linear

Index CLIP ‘A»847 PC-459 A-150 PC-59 PAS-20 PAS-20

(a) Freeze 11.2 17.3 30.1 55.8 90.9 754
(b) Fine-tune | 18.1 27.0 41.8 65.6 98.3 86.3

Table 1. Quantitative performance comparison with and without
CLIP fine-tuning.

Index Methods ‘A-847 PC-459 A-150 PC-59 PAS-20 PAS-20

9.0 12.4 29.6 55.7 94.5
13.4 21.3 323 59.1 95.7 79.7
18.1 27.0 41.8 65.6 98.3 86.3

(a) OVSeg + CLIP
(b)  OVSeg + Alpha-CLIP
(©) ESC-Net (Ours)

Table 2. Comparison between the two-stage method using Alpha-
CLIP and ESC-Net.

sampling is performed within the 3 x 3 region centered at the
position (z, y). This process can be expressed as follows:

i+l jT41
S(x,y) = Z Z Wij - (C;L&l)ip (2)
i=i*—1j=j*—1

where w;; represents the linear interpolation weight. The
weight w;; is calculated based on the Euclidean distance
and can be expressed as follows:

wij = max (0,1 /(e = j/WR+(y—i/H)2) . ()

Therefore, for class n, the final sampled pseudo prompt
point X, can be expressed as X', ;, = (ly-H], [z-W]).

2. Implementation Detail for CLIP Fine-tuning

In traditional open-vocabulary segmentation methods [2,
4, 10], the image-text relationship modeling of pre-trained
CLIP is typically preserved by freezing its encoders. How-
ever, recent studies have demonstrated that fine-tuning
CLIP’s image and text encoders can achieve higher perfor-
mance in open-vocabulary segmentation tasks. This sug-
gests that CLIP’s linguistic discrimination capability can



Input

Prediction

Input

Prediction

Input

Prediction

Figure 2. Visualizing ESC-Net’s prediction mask results on various datasets

be retained even with training datasets containing a lim-
ited number of classes. Following this insight, the proposed
ESC-Net adopts the approach of CAT-Seg [1] to fine-tune
the attention layers of CLIP’s image and text encoders. Ad-
ditionally, as shown in Table 1, fine-tuned CLIP encoders

achieve superior performance compared to frozen CLIP en-
coders.



3. Comparison with Alpha-CLIP

Traditional two-stage methods [3, 5, 7, 9, 10] demon-
strate lower performance because, while the CLIP model
can understand the overall content of an image, it lacks
the ability to focus on specific regions of interest. How-
ever, a recently proposed enhanced CLIP model, Alpha-
CLIP [8], addresses this limitation by incorporating an ad-
ditional alpha channel to focus on specific areas. In other
words, Alpha-CLIP introduces an alpha channel alongside
the RGB channels to define regions of interest, enabling the
model to be trained to concentrate on designated areas. This
capability to emphasize regions of interest provides greater
accuracy and control in tasks such as image classification,
caption generation, and visual question answering.

In this section, we compare the proposed ESC-Net with
a modified OVSeg [7] model, which is one of the most rep-
resentative two-stage methods. The comparison involves
applying Alpha-CLIP to replace the CLIP backbone in
OVSeg. Table 2 presents the results of comparing the orig-
inal OVSeg model, the OVSeg model with Alpha-CLIP,
and our proposed model. As shown in the table, Alpha-
CLIP significantly improves the performance of the tra-
ditional two-stage method but still achieves lower perfor-
mance compared to our approach. This is because Alpha-
CLIP is trained on relatively large and clear object masks,
making it less robust in scenarios with small and numerous
objects or complex scenes.

4. More Qualitative Results

In this section, we provide additional qualitative results of
the proposed ESC-Net. As shown in Figure 2, the pro-
posed ESC-Net demonstrates robust predictive performance
across a variety of challenging scenes.
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