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Abstract

Open vocabulary semantic segmentation is a hot topic in re-
search, focusing on segmenting and recognizing a diverse ar-
ray of categories in varied environments, including those pre-
viously unknown, thereby holding significant practical value.
Mainstream studies utilize the CLIP model for direct seman-
tic segmentation (denoted as “forward methods”), which of-
ten struggles to represent underrepresented categories effec-
tively. To address this issue, this paper introduces a novel ap-
proach Excluding the ImpossibLe Semantic SEgmentation
Network (ELSE-Net) based on reverse thinking. By ex-
cluding improbable categories, ELSE-Net narrows the se-
lection range for forward methods, significantly reducing
the risk of misclassification. In implementation, we initially
draw on leading research to design the General Processing
Block (GP-Block), which generates inclusion probabilities
(the likelihood of belonging to a category) by using the
CLIP model cooperated with a Mask Proposal Network
(MPN). We then present the EXcluding the ImPossible
Block (EXP-Block), which computes exclusion probabili-
ties (the likelihood of not belonging to a category) through
the CLIPN model and a custom-designed Reverse Retrieval
Adapter (R?-Adapter). These exclusion probabilities are
subsequently used to refine the inclusion probabilities, which
are ultimately employed to annotate class-agnostic masks.
Moreover, the core component of our EXP-Block is model-
agnostic, enabling it to enhance the capabilities of exist-
ing frameworks. Experimental results from four benchmark
datasets validate the effectiveness of ELSE-Net and under-
score the seamless model-agnostic functionality of the EXP-
Block.

Code — https://github.com/shishiyuanzhao/ELSE-Net

Introduction

Open vocabulary semantic segmentation research has gar-
nered considerable attention in recent years (Liang et al.
2023; Han et al. 2023a; Qin et al. 2023), aiming to perform
pixel-level labeling in diverse environments, including cat-
egories that were not encountered during training. This re-
search extends the capabilities of segmentation models be-
yond known categories, enabling them to adapt to dynamic
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Figure 1: An intuitive example to introduce the concept of
“Excluding the Impossible”. Predicting unseen categories
based solely on data from known categories is challeng-
ing. However, it is comparatively straightforward to ascer-
tain that certain data do not belong to any known categories.
By using this reverse thinking strategy to exclude impossi-
ble categories as prior information for forward methods, we
can effectively narrow the decision space of these methods,
thereby effectively lowering the risk of misclassification.

real-world scenarios. Consequently, it holds significant im-
portance for tasks such as self-driving technology, city plan-
ning, and marine surveillance, where new objects of interest
continuously emerge.

The prevailing mainstream approaches leverage the ex-
ceptional zero-shot capabilities of CLIP (Radford et al.
2021) to develop “forward methods” that directly enable se-
mantic segmentation, achieving notable progress (Xu et al.
2023; Cho et al. 2024; Xie et al. 2024; Ghiasi et al.
2022). However, as the CLIP model suffers from the class-
imbalance-problem (Chuang et al. 2023; Parashar et al.
2024), this issue inevitably affects CLIP-based segmentation
models as well, causing them to be biased towards recogniz-
ing seldom-seen or novel categories as common ones.

To address this issue, we introduce an innovative concept
from a reverse perspective by excluding improbable cate-
gories to narrow the selection range of forward models. This
reverse concept is straightforward: although it is challeng-



ing to identify unseen categories based solely on data from
known categories, we can readily ascertain that data from
new categories do not belong to any known ones (an exam-
ple is shown in Fig.1).

In this context, we present the Excluding the ImpossibLe
Semantic SEgmentation Network (ELSE-Net) (see Fig. 2
for more details), comprising two principal components: (1)
The General Processing Block (GP-Block) follows tradi-
tional forward methods, initially generating class-agnostic
masks using the Mask Proposal Network (MPN) and sub-
sequently calculating the inclusion probability (the likeli-
hood of belonging to a category). (2) The EXcluding the
ImPossible Block (EXP-Block) takes a reverse perspective,
starting with encoding the reverse prompt using the CLIPN
text encoder (Wang et al. 2023). This is followed by the de-
sign of a Reverse Retrieval Adapter (R2-Adapter) that gen-
erates a high-quality exclusion probability (the likelihood
of not belonging to a category). Ultimately, this exclusion
probability is employed to correct the inclusion probabil-
ity and precisely annotate the class-agnostic masks using
the adjusted probability. Within ELSE-Net, the CLIP model
remains frozen, while the MPN, CLIPN text encoder, and
R2-Adapter require ongoing parameter updates. Notably, the
EXP-Block is a model-agnostic module.

Our main contributions are summarized as follows:

* We present a novel method named ELSE-Net that lever-
ages the “Excluding the Impossible” concept to narrow
the model’s selection scope.

* The core EXP-Block is a model-agnostic module tailored
for compatibility with the majority of CLIP-based ap-
proaches. It comprises the CLIPN model, which necessi-
tates fine-tuning, and the R%-Adapter, engineered to op-
timize the functionality of “excluding the impossible”.

* Our method has been evaluated across 4 benchmark
datasets. The results have evaluated the efficiency and the
model-agnostic functionality of our method.

Related Work
Vision-Language Models

Recent advancements in the field of vision-language models
(VLMs) have sparked significant interest. In our research,
we use two of them: CLIP (Radford et al. 2021) employs
a vision-language contrastive pretraining approach that fa-
cilitates joint understanding of images and text. By aligning
images with corresponding textual descriptions, CLIP ex-
cels in zero-shot image classification and other downstream
visual tasks. Its capabilities highlight the potential of cross-
modal learning within the realm of artificial intelligence. As
an evolution of CLIP, CLIPN (Wang et al. 2023) maintains
the core architecture and training approaches of its predeces-
sor but incorporates a distinctive feature that differentiates
it. By adjusting the prompt template during training, CLIPN
modifies the interaction between images and text. This ad-
justment allows CLIPN to make more nuanced predictions
regarding whether a sample belongs to a specific class, thus
increasing its effectiveness in complex challenges.
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Open Vocabulary Semantic Segmentation

Open vocabulary semantic segmentation research has been
critical recently. Current methodologies are primarily cate-
gorized based on “image-text feature contrast” into pixel-
level and region-level approaches. Pixel-level methods (Li
et al. 2022) treat each pixel as a discrete unit for annotation,
whereas region-level methods (Ghiasi et al. 2022; Ding et al.
2022; Liang et al. 2023) involve initially masking the image
and subsequently annotating the masked regions. The latter
approach is more prevalent in mainstream techniques.

Region-level methods vary in their implementation and
can be classified into two types: (1) Single-stage methods
(Xu et al. 2023; Yu et al. 2024): These are designed as
end-to-end networks that efficiently generate and annotate
masks in a single step, benefiting from a reduced param-
eter count. (2) Two-stage methods (Qin et al. 2023; Han
et al. 2023a; Liang et al. 2023): These methods decouple
the segmentation process into two phases: generating class-
agnostic masks and then classifying these masks. These ap-
proaches can effectively utilize the strengths of VLMs.

In this paper, we consider the above methods as forward
approaches. While, the EXP-Block, innovatively designed
using a reverse thinking strategy, can be seamlessly inte-
grated into these methods to enhance their functionality.

Reverse Thinking Methods

Reverse thinking, when effectively applied, can signifi-
cantly enhance forward methods and lead to breakthroughs.
However, in the field of computer vision, the adoption of
this concept remains relatively limited. One notable exam-
ple is CLIPN (Wang et al. 2023), which leverages a re-
verse text encoder to address out-of-distribution detection
task even when no samples are available. Another instance,
DelL (Shao et al. 2024), utilizes this concept to overcome
challenges in few-shot classification within an open-world
setting. This paper is the first research to integrate the reverse
concept into the open vocabulary semantic segmentation.

Problem Setup

Open vocabulary semantic segmentation is designed to seg-
ment the image X € R¥>*W>3 into K masks with corre-
sponding semantic labels. We formulate this step as:

(v}, = {mi, i, i} (1)

where m; € {0, 1}7*W represents the ground truth mask,
and each mask is associated with a unique ground truth class
label c;. t; corresponds to ¢;’s category name.

During the training phase, a specific set of class labels
Cirain 18 employed, whereas a different set, C¢, iS to-be-
predicted during inference. The sets Tirqin and Tiese cor-
respond to the category names of Cypqin and Cieqe, respec-
tively. In the open vocabulary scenario, Cys; may include
categories not encountered during training, i.e., Cyrqin 7#
Ciest. Besides, consistent with prior studies(Qin et al. 2023;
Xu et al. 2023), we assume access to all categories (C)
and the corresponded category names (7) in the world dur-
ing the inference phase, i.e., {Ctrain U Ctest} € C and
{ﬁrain U tnest} € T
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Figure 2: The framework of Excluding the ImpossibLe Semantic SEgmentation Network (ELSE-Net), which includes two
primary components. (1) General Processing Block (GP-Block) on the light yellow background: The process initiates with the
generation of visual embedding (i.e., E,;,) using the CLIP image encoder. Simultaneously, the image and the visual embedding
are then sent into the Mask Proposal Network (MPN) to generate NV class-agnostic masks. Following this, the CLIP text encoder
processes the forward prompt to produce forward text embeddings (i.e., E¢y¢,,,,). Finally, the inclusion probability (i.e., Py,
denotes the likelihood of belonging to a certain category) for each mask is calculated. (2) EXcluding the ImPossible Block
(EXP-Block) on the light green background: It begins with encoding the reverse prompt through the CLIPN Text Encoder to
generate reverse text embeddings (i.e., E¢;, ., ). Then a Reverse Retrieval Adapter (R2-Adapter) is deployed to calculate the
exclusion probability (i.e., P.,, denotes the likelihood of not belonging to a certain category). This exclusion probability is
used as a prior to correct the inclusion probability, which is subsequently applied to annotate the class-agnostic masks.

Methodology
Overview

In this paper, we propose the Excluding the ImpossibLe
Semantic SEgmentation Network (ELSE-Net). The funda-
mental principle behind ELSE-Net is to “exclude the im-
possible”, thereby narrowing the range of choices, which re-
duces the risk of misclassification and improves accuracy.
The overall framework of ELSE-Net is shown in Fig. 2,
which includes two blocks:

¢ General Processing Block (GP-Block), referring to top-
tier studies (Xu et al. 2024; Han et al. 2023a), gener-
ates class-agnostic masks and predicts inclusion proba-
bility. For more details, please see the light yellow part
in Fig. 2. GP-Block comprises four steps: (1) The image
is input into the frozen CLIP Image Encoder to produce
visual embedding. (2) Simultaneously, the image and the
visual embedding are processed through the Mask Pro-
posal Network (MPN) to produce class-agnostic masks.
(3) The forward prompt is input into the frozen CLIP text
encoder to generate the forward text embedding. (4) The
inclusion probability is then calculated from the masks
and forward text embeddings, indicating the likelihood
that a sample belongs to a specific category.

EXcluding the ImPossible Block (EXP-Block) is a
model-agnostic auxiliary module we developed. It is de-
signed to enhance classification performance by selec-
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tively excluding improbable categories. For more de-
tails, please refer to the light green part in Fig. 2.
EXP-Block operates in three key steps: (1) The re-
verse prompt is fed into the tunable CLIPN text en-
coder to generate the reverse text embedding. (2) The
masks and reverse text embeddings are then processed
through our custom-designed Reverse Retrieval Adapter
(R?-Adapter), which computes the exclusion probabil-
ity, assessing the likelihood that a sample does not belong
to a particular category. (3) This exclusion probability
is utilized to adjust the inclusion probability, leading to
a corrected probability. This adjusted probability is then
used to accurately annotate the class-agnostic masks.

General Processing Block

We drew inspiration from top-tier studies (Han et al. 2023a;
Ghiasi et al. 2022; Qin et al. 2023; Liang et al. 2023; Xu
et al. 2022) to design the General Processing Block (GP-
Block). For more details, please see the light yellow part
in Fig.2. The primary objective of this block is to generate
class-agnostic masks and predict the masks’ inclusion prob-
ability through CLIP. The GP-Block comprises four steps:

Visual Embedding Initially, we crop the image and input
them into the CLIP image encoder, yielding visual embed-
ding, which can be formulated as:

Evis = Yclipimg (X) . (2)



where E, ;5 denotes the visual embedding; F;;p,,, denotes
the frozen CLIP image encoder.

Class-agnostic Masks Subsequently, the image and the
visual embedding are fed into the Mask Proposal Network
(MPN) to generate N class-agnostic masks, which can be
formulated as:

{ml}i\il = -Fmpn (X7 Evis) . (3)

where F,,;,, denotes the to-be-trained MPN, which is com-
posed of eight transformer layers; X is the training image;
{m; }}¥ | is the to-be-predicted class-agnostic masks.

Forward Text Embedding Afterward, we utilize a for-
ward prompt template to carefully construct descriptions for
each category. The template is formatted as sentences like “A
photo of [CLASSNAME]”, which can be formulated as
Templatey,,q (t;). where t; is the ¢;’s category name. Fol-
lowing this, we employ the frozen CLIP text encoder to pro-
cess these descriptions, generating informative text repre-
sentations for each class.

= ‘Fclipmt (Templatefwd (T)) : (4)

where Eyyy,,,, € RY™>ICl denotes the text embedding and
forward text embedding; |C| indicates the number of cate-
gories; Fiip,,, denotes the frozen CLIP text encoder.

Etwtfwd

Inclusion Probability Finally, we gauge the similarity be-
tween the forward text features and the masks by:

N T
wad = ({mt}ll\il) Etwtf’wd
P, = Softmax (Ljwa)

&)
Q)

where L,q € RVXICI P, € RVXICl denote the forward
logits and the inclusion probability, the element P;, (3, c)
represents the probability that the ¢-th sample belongs to the
c-th class.

Excluding the Impossible Block

This section introduces the Excluding the Impossible Block
(EXP-Block), which integrates the “Excluding the Impossi-
ble” concept into the framework via reverse thinking to im-
prove segmentation performance. For further details, please
refer to the light green part in Fig. 2. It is noteworthy that this
module does not affect the information generation within
the GP-Block, rendering the EXP-Block effectively model-
agnostic. The module consists of three primary components,
which are elaborated upon below.

Reverse Text Embedding Contrary to the Forward Text
Processing, we employ a reverse prompt template here
to construct descriptions for each category. The template
can be formatted as sentences like “A photo without
[CLASSNAME]”. We denote the reverse prompt for cat-
egories as Template,., (t;). Subsequently, we deploy the
text encoder of the CLIPN model (Wang et al. 2023) to gen-
erate reverse text embeddings to capture intricate reverse
textual details. It is crucial to note that the CLIPN model
necessitates fine-tuning. This step plays a crucial role in
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achieving the goal of “excluding the impossible”. We for-
mulate this process as:

Etﬂ?tvvev = ]:Clip’ﬂtzt (Templaterev (T)) : (7)

where Eyy,,, € R4m* Il denotes the reverse text embed-
ding.

Reverse Retrieval Adapter for Exclusion Probability
To enhance the retrieval of reverse text features along-
side visual features, we developed the Reverse Retrieval
Adapter (R?-Adapter). Initially, masks undergo processing
via a straightforward multi-layer perceptron (MLP) to refine
their quality. Subsequently, the refined masks are utilized to
match with the reverse text embeddings, thereby facilitating
the computation of reverse logits. We formulate these steps
as:

Lyev = Fre ({i} 1, Etar,.,) (8)
P.. = Softmazx (Lyey) - 9)

where Fr2 denotes the R2-Adapter; L., € RV*ICl and
P., € RV*ICl denote the reverse logits and exclusion prob-
ability, the element P, (4, ¢) represents the probability that
the i-th sample does not belong to the c-th class; « is the
hyperparameter.

Probability Correction Here, we use the exclusion prob-
ability (P.,) obtained through the reverse process, to adjust
the inclusion probability (P;,,) generated from the forward
process. Specifically, we set a threshold (e) for correction. If
P..(i,c) > e, it signifies that the i-th sample does not be-
long to the c-th class, and we update the P;,, (4, ¢) to 0. We
formulate this process as:
0

Porlic) = { b, (i

where P.,, € RV*ICl i the corrected probability, the ele-
ment P, (7, ¢) represents the probability that the i-th sam-
ple belongs to the c-th class.

if Py, c) > €

otherwise. (10)

Semantic Segmentation and Loss Function

Finally, we use the corrected probability to label the class-
agnostic masks by ({ri;}L; © P, ).

Throughout the entire process, three types of losses are
involved: dice loss (Cheng et al. 2022) and binary-entropy
(BE) loss (Jadon 2020) are employed during the update of
the MPN, and the cross-entropy (CE) loss (Xu et al. 2023)
is used during the final classification stage.

(1)

loss = 10sSgice + l0SSpe + 0SS e

Experiments

In this section, we present the experiments to address the
four questions:

Q1. How does ELSE-Net perform in comparison to cur-
rent SOTAs? (Al. See Tab. 1)

Q2. Is the EXP-Block genuinely model-agnostic, and
what impact does it have? (A2. See Tab. 2)

Q3. How do different components influence the out-
comes? (A3. See Tab. 3 and Fig. 4)

Q4. What is the extra consumption of the EXP-Block for
the existing method? (A4. See Tab. 4)



Method Backbone Training Dataset Testing Dateset

ADE-847 ADE-150 PC-59 vocC
LSeg+ (ICLR’22) (Ghiasi et al. 2022) ALIGN NB-B7 COCO 3.8 18.0 46.5 /
Simseg (ECCV’22) (Xu et al. 2022) CLIP ViT-B/16 COCO 7.0 20.5 477 88.4
FreeSeg (CVPR’23) (Qin et al. 2023) CLIP ViT-B/16 COCO / 28.6 / 82.6
DeOp (CVPR’23) (Han et al. 2023a) CLIP ViT-B/16 COCO 7.1 22.9 48.8 91.7
OVSeg (CVPR’23) (Liang et al. 2023) CLIP ViT-B/16 COCO 7.1 24.8 533 92.6
SAN (CVPR’23) (Xu et al. 2023) CLIP ViT-B/16 COCO 10.1 27.5 53.8 94.0
GKC (ICCV’23) (Han et al. 2023b) CLIP ViT-B/16 COCO Panoptic 35 18.8 452 83.2
MaskCLIP (ICML’23) (Ding, Wang, and Tu 2023) CLIP ViT-L/14 COCO Panoptic 8.2 23.7 459 /
SPT-SEG (AAAI’24) (Xu et al. 2024) CLIP ViT-B/16 COCO / / / 93.2
ELSE-Net (Ours) CLIP ViT-B/16 CoCo 10.3 219 341 1

Table 1: Quantitative evaluation on standard benchmarks. The best-performing results are presented in bold, while the second-
best results are underlined. Improvements and decreases over the previous SOTA are highlighted in red and

Settings

Datasets and Evaluation Metric We adhere to standard
settings (Xu et al. 2023), training our model on the COCO-
Stuff dataset (Caesar, Uijlings, and Ferrari 2018) and eval-
uating it across several datasets: Pascal VOC (VOC) (Ever-
ingham et al. 2015), ADE20K-847 (ADE-847) (Zhou et al.
2017), ADE20K-150 (ADE-150) (Zhou et al. 2017), and
Pascal Context-59 (PC-59) (Mottaghi et al. 2014). The cat-
egories for training and testing are not fully overlapping;
specifically, the label-set similarity (Xu et al. 2023) between
VOC, ADE-847, ADE-150, PC-59, and COCOis 0.91, 0.57,
0.73, and 0.86, respectively.

Besides, we follow (Xu et al. 2022; Qin et al. 2023; Han
et al. 2023a; Liang et al. 2023) to adopt the mean of Inter-
action over Union (mIOU) to evaluate the open vocabulary
semantic segmentation performance.

Implementation All models were trained on the COCO
Stuff dataset using the AdamW optimizer, which was con-
figured with an initial learning rate of le-4 and a weight
decay of le-4. For both the CLIP and CLIPN models, the
backbone architecture employed was ViT-B/16, leveraging
its strong capabilities in visual feature representation. Ad-
ditionally, the R?-Adapter was designed with 2 layers and
a feature dimension of 2048, ensuring adequate flexibility
and capacity for feature adaptation. The adapter weight pa-
rameter o was fixed at 0.2 to balance the contribution of
the adapter to the overall learning process. In the probability
correction procedure, a threshold value of 0.2 was used, en-
abling effective filtering and adjustment of predictions. Fur-
ther details regarding these configurations and their impact
are provided in the ablation study section. All experiments
were executed on a high-performance system featuring an
NVIDIA RTX 4090 GPU with 24GB of memory, paired
with a 16 vCPU Intel (R) Xeon (R) Gold 6430 processor.
The batch size for training was set to 4 to accommodate the
computational requirements while ensuring stability during
optimization.

Comparison with SOTAs

The comparative results on four benchmark datasets are pre-
sented in Tab. 1.

(1) On the Pascal VOC dataset: Due to the high label sim-
ilarity with the COCO dataset, all methods tested exhibit
superior performance. Among these, our ELSE-Net con-
sistently outperformed the others by a margin of at least
1.1. This significant improvement primarily results from
the integration of our model-agnostic EXP-Block, which
will be further elaborated upon in subsequent sections. Fur-
thermore, to present a more intuitive understanding of our
model’s performance, we showcase its results on the VOC,
where it achieved excellent outcomes in the annotated cate-
gories. Parts of visualization results are displayed in Fig.3.

(2) On other datasets: Unlike the Pascal VOC dataset, the
ADE-847, ADE-150, and PC-59 datasets exhibit less simi-
larity to the COCO dataset, generally leading to lower per-
formance across these benchmarks. Nonetheless, our ELSE-
Net demonstrated superior effectiveness, achieving the best
experimental results on ADE-847 and PC-59 with a perfor-
mance improvement of +0.2 mIOU and +0.3 mIOU respec-
tively. On ADE-150 , ELSE-Net achieved the second-best
result over previous state-of-the-art model. Overall, this ex-
periment conclusively demonstrates the effectiveness of our
ELSE-Net.

Model-Agnostic Functionality of the EXP-Block

As discussed earlier, our EXP-Block is designed to be
model-agnostic, making it compatible with most existing
methods. To validate this claim and further illustrate the ef-
fectiveness of our approach, we selected three classic open-
source methods as baseline models. First, we reproduced
these baseline methods to ensure consistency, and then we
integrated the EXP-Block into each of them. The corre-
sponding experimental results are summarized in Tab.2. The
observations reveal that, in the vast majority of cases, the in-
clusion of the EXP-Block leads to a notable improvement in
the performance of the original methods, with gains ranging
from 0.0 to 4.4. These results highlight the versatility and
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Figure 3: Visualization results of segmentation on Pascal VOC. We only visualize the mask of the annotated category.

practicality of the EXP-Block as an auxiliary module. In
summary, this experiment provides strong evidence of the
EXP-Block’s effectiveness and adaptability, confirming its
utility as a general-purpose enhancement component for a
wide range of methods.

Ablation Study

Overall We conduct comprehensive ablation studies to
evaluate the efficiency of the EXP-Block. The results are de-
tailed in Tab. 3, 4. First, let us assess the overall impact of
the EXP-Block on our methodology. A comparison between
the rows @ and ® of Tab.3 clearly shows that the EXP-
Block substantially boosts the performance of the ELSE-
Net, yielding an improvement of approximately 5.5 points.
Subsequently, we will analyze the individual contributions
of each component.

CLIPN Text Encoder The CLIPN Text Encoder is piv-
otal within the EXP-Block, serving as the foundation for re-
verse thinking. Here, we focus on the impacts of freezing
versus fine-tuning on the outcomes. A comparison between
rows @ and ® in Tab.3 clearly demonstrates that fine-tuning
significantly enhances the mIOU by 2.2 points compared to
freezing, underscoring the benefits of fine-tuning.

Reverse Retrieval Adapter The R2-Adapter is specifi-
cally designed to enhance the integration of reverse text
embedding with visual embedding, consequently producing
high-quality exclusion probabilities. A comparison of rows
® and ® in Tab.3 clearly shows that the R%-Adapter is es-
sential to the process, yielding improvements of 0.2 mIOU.
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Figure 4: Ablation study to evaluate the threshold e on VOC.

Probability Correction The probability correction pro-
cess is the final step toward achieving “excluding the im-
possible”. The corresponding experiments are detailed in
rows @ and ® of Tab.3. Row @ depicts the scenario with-
out the probability correction process, utilizing the most
naive approach where the final probability is computed as
P;n, x (1 — P.;). Observations reveal that the application
of the probability correction process enhances the model’s
performance by 1.3 points.

In our method, threshold ¢ is critical; it dictates the num-
ber of samples to be excluded within the EXP-Block, the ex-
clusion accuracy (the accuracy that the excluded categories
are not the ground truth categories), and its overall impact
on the mIOU. As demonstrated in Fig. 4, increasing the €
results in fewer exclusions, yet the precision of these exclu-
sions improves. Nevertheless, the effect on the final outcome



Method ADE-847 ADE-150 PC-59 vVOC
Original 10.1 27.5 53.8 94.0
Reproduced 7.9 26.9 53.2 94.2
SAN (CVPR’2023) (Xu et al. 2023)
10.1 27.4 53.7 94.2
Reproduced + EXP-Block
Original / 28.6 / 82.6
. Reproduced / 25.6 / 80.2
Freeseg (CVPR’2023) (Qin et al. 2023)
/ 27.6 / 82.7
Reproduced + EXP-Block ) ;
Original 7.1 24.8 533 92.6
. Reproduced 5.5 25.6 49.8 93.2
OVSeg (CVPR’2023) (Liang et al. 2023)
8.3 26.4 54.2 93.4
Reproduced + EXP-Block

Table 2: Evaluation of the model-agnostic functionality of the EXP-Block. Original represents the baseline results as reported
in the original papers. Reproduced denotes our reproduction of the baseline results. + EXP illustrates the enhanced baseline
results with the addition of the EXP-Block. Improvements over the reproduction are highlighted in

CLIPN Text Encoder - -Adapter Prob Correction mIOU
Frozen  Tunable
@ 89.6
@ Vv v v 92.9
&) v v 94.9
@ v v 93.8
® v v v 95.1

Table 3: Ablation studies of different components in EXP-
Block on VOC. @ denotes the ELSE-Net w/o EXP-Block.

initially rises before declining. All experiments were con-
ducted on the VOC dataset using both the tunable CLIPN
text encoder and the R2-Adapter.

Extra Consumption

Intuitively, adding an extra EXP-Block will inevitably in-
crease the consumption of the original method, but these
additional costs are entirely within an acceptable range, as
detailed in Tab.4. It takes the OVSeg (Liang et al. 2023) as
an example, trained on the COCO dataset. The OVSeg takes
32.5 hours with 147.2M parameters; with the EXP-Block
added, it takes 35 hours with 211.2M parameters. In the in-
ference phase, the time for OVSeg to process a single image
is 1.25s, whereas OVSeg+EXP-Block takes 1.8s. With such
a modest increase in resource usage, the EXP-Block can sig-
nificantly enhance model performance by 0.2 to 4.4 points,
further proving the method’s practicality.

Conclusion

To tackle the open vocabulary semantic segmentation chal-
lenge, we introduce the “Excluding the Impossible” con-
cept. Based on this concept, we developed the ELSE-Net,
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Method Param (M) Training Time Inference Time
OVSeg 147.2 32.5h 1.25s
OVSeg + EXP 211.2 35h 1.8s

Table 4: Experiments of consumption on one 4090 GPU.
The training time specified covers all training data. Infer-
ence time is calculated for each test image.

which consists of the GP-Block and the model-agnostic
EXP-Block. Experiments across four benchmark datasets
have assessed its efficiency. Looking ahead, our research
will pivot to two crucial areas: (1) We have noticed that
our exclusion method occasionally leads to ineffective ex-
clusions, which offer limited benefits to the forward pro-
cess. Consequently, developing a more effective and innova-
tive exclusion strategy is one of our key research priorities
moving forward. (2) Our implementation of “Excluding the
Impossible” utilizes the existing CLIPN, which is not fully
compatible with the forward model. Thus, we aim to retrain
a tailored model for this specific task.
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