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Abstract

Recent open-vocabulary segmentation methods adopt mask
generators to predict segmentation masks and leverage pre-
trained vision-language models, e.g., CLIP, to classify these
masks via mask pooling. Although these approaches show
promising results, it is counterintuitive that accurate masks
often fail to yield accurate classification results through
pooling CLIP image embeddings within the mask regions.
In this paper, we reveal the performance limitations of mask
pooling and introduce Mask-Adapter, a simple yet effective
method to address these challenges in open-vocabulary seg-
mentation. Compared to directly using proposal masks, our
proposed Mask-Adapter extracts semantic activation maps
from proposal masks, providing richer contextual informa-
tion and ensuring alignment between masks and CLIP. Ad-
ditionally, we propose a mask consistency loss that encour-
ages proposal masks with similar IoUs to obtain similar
CLIP embeddings to enhance models’ robustness to vary-
ing predicted masks. Mask-Adapter integrates seamlessly
into open-vocabulary segmentation methods based on mask
pooling in a plug-and-play manner, delivering more ac-
curate classification results. Extensive experiments across
several zero-shot benchmarks demonstrate significant per-
formance gains for the proposed Mask-Adapter on several
well-established methods. Notably, Mask-Adapter also ex-
tends effectively to SAM and achieves impressive results
on several open-vocabulary segmentation datasets. Code
and models are available at https ://github.com/
hustvl/MaskAdapter.

1. Introduction

Image segmentation, which aims to assign each pixel a la-
bel from a predefined set of categories, has seen signifi-
cant advancements. Despite the success of numerous image
segmentation approaches [5-7, 35, 38, 42, 51], these ap-
proaches cannot segment categories unseen during training,
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Figure 1. Upper bound analysis of mask embedding extrac-
tion methods. Using ADE20K [52] ground-truth masks as in-
put, we evaluate the upper bound of different extraction methods.
Although mask cropping and mask pooling show limited perfor-
mance with ground-truth masks, our Mask-Adapter significantly
enhances the upper bound for open-vocabulary segmentation.

Mask Cropping

limiting their applicability in open-world scenarios. Open-
vocabulary segmentation (OVS) has expanded traditional
image segmentation from fixed-set to open-set, enabling
the segmentation of categories not appeared in the train-
ing set. In contrast to fixed-category segmentation, open-
vocabulary segmentation not only supports open-set seg-
mentation but also enables challenging segmentation based
on arbitrary text inputs, e.g., categories and descriptions.
Recent research tackles open-vocabulary segmentation
by leveraging pre-trained vision-language models, e.g.,
CLIP [30] and ALIGN [17], which are pre-trained on large-
scale image-text pairs and have strong zero-shot recog-
nition capabilities. Notably, several works [10, 16, 19,
23, 32, 44, 46, 48], such as SimpleBaseline [44] and FC-
CLIP [48], follow a segment-then-recognize paradigm for
open-vocabulary segmentation, which adopts mask genera-
tors to predict proposal masks from images and then clas-
sify the proposal masks by transferring the zero-shot recog-
nition capability from the frozen CLIP. Recognizing seg-
mentation masks is primarily achieved by extracting mask
embeddings through the CLIP visual encoder and match-
ing them with text embeddings. Specifically, the mask
embeddings can be obtained in two ways: (1) mask crop-
ping [10, 23, 44]: cropping the segmented region from
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(a) Mask Cropping

(b) Mask Pooling

(c) Mask-Adapter

Figure 2. Comparison of mask embedding extraction methods. (a) Mask Cropping: cropping the segmented region from the image
and feeding it into CLIP to extract mask embeddings. (b) Mask Pooling: aggregating region features with the proposal masks. (c) Mask-
Adapter: the proposal masks and CLIP features are passed through Mask-Adapter to extract semantic activation maps, which are then
used to construct mask embeddings by aggregating CLIP features based on these highlighted regions and contextual information.

the image and using CLIP to extract image embeddings;
(2) mask pooling [15, 19, 32, 46, 48]: directly aggregat-
ing the features of the region using mask pooling [15] with
the proposal masks through dot-product, which is more effi-
cient than mask cropping and can be end-to-end optimized.
However, the upper bound of these two methods for open-
vocabulary segmentation is inherently limited, as shown in
Fig. 1. The mask cropping method (Fig. 2 (a)) fails to con-
sider the substantial differences between the masked image
and the natural images used during CLIP [30] pre-training,
as mentioned in [23]. Meanwhile, the mask pooling method
(Fig. 2 (b)) fails to capture semantic details and contextual
information during feature aggregation, limiting its upper
bound.

In this paper, we propose a simple yet effective method to
address the bottlenecks in open-vocabulary segmentation.
Instead of directly using predicted masks and mask pool-
ing (or mask cropping) to extract mask embeddings, we
introduce a Mask-Adapter (Fig. 2 (c)) to extract semantic
activation maps from proposal masks and CLIP features,
inspired by Sparselnst [7]. Mask embeddings are aggre-
gated based on both semantic and contextual information
and subsequently matched with text embeddings for mask
recognition. Fig. 2 compares mask cropping, mask pool-
ing, and Mask-Adapter methods. In contrast to previous ap-
proaches, Mask-Adapter offers several key advantages: (1)
rather than neglecting the background, it aggregates mask
embeddings across the entire image, incorporating contex-
tual information to enrich the feature representation; (2) un-
like mask pooling, which only conveys the positional in-
formation of target regions, semantic activation maps selec-
tively highlights informative regions relevant to recognition,
while suppressing less informative areas, thus enhancing
feature discriminability; (3) our method preserves the gen-
eralization capabilities of CLIP during training while con-
currently improving mask recognition performance. Fur-
thermore, we introduce a mask consistency loss to enforce
similar proposal masks to obtain similar CLIP mask em-
beddings, thereby improving robustness to variations in pre-
dicted masks. To further mitigate overfitting, we replace the
Hungarian matcher with an IoU-based matcher, enabling

the model to train on a broader range of proposal masks. In

addition, we propose a stable mask-text alignment training

strategy that enhances the robustness of the Mask-Adapter.
The main contributions of this paper can be summarized
as follows:

* We introduce the Mask-Adapter, which addresses criti-
cal bottlenecks, i.e., misalignment between pre-trained
CLIP and segmentation masks, in open-vocabulary seg-
mentation and can be integrated seamlessly into mask
pooling-based methods in a plug-and-play manner, deliv-
ering more accurate classification results.

* We introduce a mask consistency loss and present an loU-
based matcher to reduce overfitting and improve the ro-
bustness of Mask-Adapter along with a stable mask-text
alignment training strategy.

* We integrate the proposed Mask-Adapter into established
open-vocabulary segmentation frameworks, demonstrat-
ing substantial performance improvements and achieving
state-of-the-art results on datasets such as ADE20K and
Pascal-Context. Furthermore, the Mask-Adapter effec-
tively extends to SAM without training, achieving im-
pressive results across multiple open-vocabulary segmen-
tation benchmarks.

2. Related Work
2.1. Open-Vocabulary Segmentation

Open-vocabulary segmentation aims to segment images
based on arbitrary textual descriptions rather than prede-
fined classes, primarily categorizing into two types: per-
pixel classification [9, 21, 41] and mask classification [10,
15,16, 19,23,43,44,48]. OpenSeg [ 15] first employs mask
pooling method to aggregate region features for mask clas-
sification. SimpleBaseline [44] and Zegformer [10] propose
two-stage frameworks which generate class-agnostic masks
and feed the masked image into CLIP for classification. Per-
pixel methods, e.g., CAT-Seg [9] and SED [41], adopt cost
aggregation to refine the pixel-text cost volume and pre-
dict per-pixel classification outputs. PrimitiveNet [25] de-
composes complex language constraints into simple prim-
itives and employs cross-primitive and language-primitive
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attention to enhance referring segmentation performance.
SAN [45] attaches an adapter to CLIP, enabling mask pro-
posal generation and recognition. FC-CLIP [48] utilizes
CLIP as a shared backbone for both mask generation and
mask classification. However, both mask cropping and
mask pooling approaches used in previous mask classifica-
tion methods to obtain mask embeddings exhibit a limited
upper bound performance, as illustrated in Fig. 1.

Several works [8, 23] point out that the bottleneck of
open-vocabulary segmentation lies in CLIP-based mask
classification. OVSeg [23] observes the significant gap be-
tween masked images and natural images when using CLIP
and addresses it by adapting CLIP with masked image-
category pairs. MaskCLIP [11] and MasQCLIP [47] adopt
masked attention instead of mask cropping for mask clas-
sification. MAFT [18] fine-tunes the CLIP image en-
coder while employing a self-distillation loss to prevent
catastrophic forgetting, and MAFTP [19] further introduces
content-dependent transfer to fine-tune the text representa-
tions. Deop [16] decouples mask generation and classifi-
cation and employs a heatmap-based pooling method in-
stead of mask pooling, but its open-vocabulary segmen-
tation performance remains relatively weak. In contrast,
our proposed Mask-Adapter extracts semantic activation
maps from proposal masks, providing richer contextual in-
formation and ensuring better alignment between masks
and CLIP. Compared to Deop, our method differs in the
following key aspects: (1) our Mask-Adapter is a stan-
dalone module that can be integrated seamlessly into open-
vocabulary segmentation frameworks and SAM; (2) the
structure of our Mask-Adapter differs from the heatmap de-
coder in Deop. Specifically, our Mask-Adapter extracts se-
mantic activation maps from proposal masks, rather than
generating heatmaps based on image features and masks,
thereby capturing richer contextual and semantic informa-
tion; (3) during mask-text alignment training, we intro-
duce a mask consistency loss and employ an IoU-based
matcher to enhance the model’s robustness to varying pre-
dicted masks. Additionally, by integrating Mask-Adapter
into several well-established methods, we obtain signifi-
cant improvements and achieve new state-of-the-art results
across multiple datasets.

2.2. Adaptation for Vision-Language Models

Recent advancements in vision-language pre-training mod-
els, e.g., CLIP [30] and ALIGN [17], have demonstrated
strong open-vocabulary recognition capabilities. To fur-
ther enhance CLIP’s performance, various adaptation strate-
gies have been proposed. Notably, prompt tuning meth-
ods like CoOp [55] and CoCoOp [54] replace manually
crafted prompts with learnable prompts to improve domain-
specific adaptation. Feature-based methods, such as CLIP-
Adapter [13] and Tip-Adapter [49], introduce lightweight

adapters. CLIP-Adapter fine-tunes features through a bot-
tleneck layer, combining learned and pre-trained features,
while Tip-Adapter leverages a cache model to enhance few-
shot learning with minimal fine-tuning. Despite achieving
good results in image classification, CLIP and these adap-
tations still struggle with dense prediction tasks like open-
vocabulary object detection and segmentation.

To address CLIP’s limitations in dense prediction tasks,
several methods have been proposed. CLIPSelf [39]
and SILC [29] leverage self-distillation to align global
and local features. EVF-SAM [50] utilizes early vision-
language fusion to enable text-prompted SAM for refer-
ring expression segmentation tasks. Other approaches,
such as MaskCLIP [53], CLIPSurgery [22], SCLIP [37],
and GEM [1], modify CLIP’s attention structure to en-
hance its performance on dense prediction tasks. Further-
more, GBA [46] introduces learnable adapters to boost
CLIP’s generalization in open-vocabulary segmentation,
while PixelCLIP [33] improves CLIP’s fine-grained pixel
representation by leveraging vision foundation models (e.g.,
DINO [4], SAM [20]) and unlabeled masks. Despite these
advancements, CLIP continues to underperform on open-
vocabulary region recognition tasks.

3. Approach
3.1. Problem Definition

Open-vocabulary segmentation aims to segment images
based on arbitrary textual descriptions, rather than a fixed
set of predefined classes. This task involves training the
model on a set of seen categories Cge, and evaluating its
performance on both the seen categories Cge, and the un-
seen categories Cyyseen. EXisting open-vocabulary segmen-
tation methods [10, 19, 23, 44, 48] are composed of a class-
agnostic mask generator and a mask classifier. The mask
generator, e.g., Mask2Former [6], produces class-agnostic
masks M, € RNV*XHXW " and the mask classifier catego-
rizes these masks according to text descriptions.

Given N class-agnostic masks M,, € RV *H*W gener-
ated by the mask generator, the initial approach [10, 44] uti-
lizes mask cropping (Fig. 2 (a)), which crops the segmented
regions from the image Z and uses CLIP to extract mask
embeddings, as shown in the following Eq. 1:

Enask = CLIP(crop(M,,T)) € RV*C. (1)

The mask embeddings are then matched with text embed-
dings to recognize the segmentation masks. However, the
gap between masked and natural images limits the upper
bound of this method for open-vocabulary segmentation.
Methods such as [15, 19, 48] employ a mask pooling
approach (Fig. 2 (b)) to obtain the mask embeddings. In
this method, CLIP features are aggregated via mask pool-
ing with the proposal masks, providing greater efficiency
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Figure 3. Overview of Mask-Adapter. (a) Mask-Adapter for Open-Vocabulary Segmentation. Mask-Adapter can be seamlessly integrated
into open-vocabulary segmentation methods based on mask pooling. Mask-Adapter extracts semantic activation maps from CLIP features
and proposal masks. Mask embeddings are aggregated according to semantic activation maps, which provide richer contextual and semantic
information. The aggregated mask embeddings are then matched with text embeddings to perform mask classification. During training,
only the Mask-Adapter is trainable. (b) Details of the Mask-Adapter. After patchifying the masks, masks and CLIP features are fused and
processed through ConvNeXt blocks, ultimately outputting the semantic activation maps through a predictor.

than mask cropping, as shown in the following Eq. 2:
T
Emask = Mp . -Fclip~ (2)
However, the mask pooling method only captures positional
information of the mask region, lacking both contextual and
semantic features. This limitation significantly constrains
its upper bound in open-vocabulary segmentation.

3.2. Mask-Adapter

Overview. As illustrated in Fig. 3, Mask-Adapter is a
simple yet remarkably effective method and can be seam-
lessly integrated into open-vocabulary segmentation meth-
ods to tackle the existing bottlenecks. By feeding masks and
CLIP features into Mask-Adapter, it generates semantic ac-
tivation maps, which highlight informative regions for each
mask. With semantic activation maps, we then gather dis-
tinctive information from the CLIP features through pool-
ing to obtain mask embeddings. Then mask embeddings
are matched with text embeddings to obtain the classifica-
tion results. During training, we propose a stable mask-text
alignment strategy for training. At inference, masks gener-
ated by the Mask Generator are fed into Mask-Adapter for
mask classification.

Architecture. Fig. 3 illustrates the architecture of Mask-
Adapter. Given N class-agnostic masks M,,, we patchify
the binary masks into patches via a simple block compris-
ing two strided 3 x 3 convolutional layers, thus generat-
ing mask features F,,, which have the same resolution as
the CLIP features. We then fuse CLIP features F;;, and
mask features F,,, to obtain the mask region representation
A, =Fp + Ferip. Next, Ay, is passed through three Con-
vNeXt [26] blocks to enhance the semantics of the mask

regions. The refined features are then processed by a final
convolutional layer to generate /' semantic activation maps
A for each mask. The semantic activation maps can be ex-
pressed as follows:

A = Conv(ConvNeXt}(Ap,))). 3)

We then obtain the mask embeddings Ey, by aggregating
information from the CLIP features F; using K seman-
tic activation maps A and taking the average across these
embeddings, where A is normalized to 1 for each seman-
tic map. Unlike the mask pooling method, our approach
incorporates richer semantic information and includes con-
text beyond the mask region, enhancing the upper bound
for open-vocabulary segmentation. The following equation
summarizes this process:

K
1 _
Em:?kz_:lAk-}'gip, Eny € RVNXC. (4)

The resulting mask embeddings serve as feature represen-
tations for the N masks, which are then matched with text
embeddings to classify the segmentation masks.

3.3. IoU-based Matcher

Among the masks generated by the mask generator, mul-
tiple masks may correspond to the same object but be
misidentified. However, the Hungarian matcher used in pre-
vious methods [3, 6, 34], typically finds the optimal match
between ground-truth masks and predictions, which fails
to capture these misclassified samples. This limitation can
lead to overfitting during Mask-Adapter training. To ad-
dress this, we propose an loU-based matcher that computes
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the Intersection over Union (IoU) between each ground-
truth mask y; and predicted mask §;, selecting mask pairs
based on a predefined IoU threshold. This approach encour-
ages more diverse training samples than one-to-one match-
ing. The IoU-based matcher is defined as:

M = {(7’;]) | IOU(ymy]) 2 IOUthreshold}a (5)

where M denotes the set of matched pairs. This method en-
hances the model’s robustness by incorporating previously
misclassified samples.

3.4. Mask Consistency

As discussed in [14], allocating more space in the feature
domain for unseen classes improves the recognition of un-
seen masks. However, directly using a standard classifica-
tion loss to train the Mask-Adapter can overly crowd the
feature space, limiting the model’s ability to recognize un-
seen categories. In contrast to [14], we adopt a simpler ap-
proach by applying a mask consistency loss to mask embed-
dings of seen class masks. Given the matched predicted and
ground-truth masks from the matcher, we feed them into the
Mask-Adapter to obtain their respective mask embeddings
2 and P, We then compute the cosine similarity loss
between these embeddings as follows:

Ecos(egta epred) =1—0cos (egt’ epred)7 (6)

where e and P are the embeddings of the ground-truth
and predicted masks, respectively, and .. denotes cosine
similarity. Mask consistency loss enforces proposal masks
with similar IoUs to obtain similar CLIP embeddings, en-
hancing the recognition of unseen masks and improving the
model’s robustness.

3.5. Stable Mask-Text Alignment Training

To transfer CLIP’s open-vocabulary recognition ability with
mask-text alignment training is a natural approach for
Mask-Adapter. However, directly using predicted masks
leads to overfitting and training instability. To address it,
we propose a two-stage training strategy including ground-
truth mask warmup and mixed-mask training.

Ground-truth mask warmup. We first train the Mask-
Adapter using ground-truth masks to avoid low-quality pre-
dicted masks, ensuring stable training. This warmup phase
enables the Mask-Adapter to develop strong generalization,
making it robust to both ground-truth and predicted masks.

Mixed-mask training. After the warmup training, we
mix the predicted masks (from the IoU-based Matcher) and
ground-truth masks for training. This mixed-mask train-
ing includes low-quality and misclassified masks, enhanc-
ing Mask-Adapter’s robustness and improving its perfor-
mance on open-vocabulary segmentation tasks.

Overall training loss. Following [0, 48], we use cross-
entropy loss for mask classification and cosine loss to en-
force mask consistency. The total loss is:

L= Acv: : ‘Cce + Acos : LCOS) (7)

where A and A, are the coefficients for the cross-entropy
and cosine losses, respectively.

4. Experiments

In this section, we evaluate the performance of Mask-
Adapter on open-vocabulary segmentation against the state-
of-the-art methods and present detailed ablation studies.
Additionally, we explore the potential of integrating Mask-
Adapter to SAM [20] for open-vocabulary segmentation.

4.1. Experimental Setup

Baseline. To evaluate Mask-Adapter, we mainly adopt
three baseline methods, i.e., FC-CLIP (open-vocab.) [48],
MAFTP (open-vocab.) [19], and Mask2Former (fixed-
vocab.) [6]. FC-CLIP and MAFTP utilize mask pooling to
extract mask embeddings. In addition, we follow [15] and
adapt the fixed-vocabulary Mask2Former to classify masks
with mask pooling for a fair comparison.

Dataset and evaluation metrics. Following the open-
vocabulary segmentation setting [9, 23, 32, 44] and base-
line models [19, 48], we train our Mask-Adapter sepa-
rately on COCO-Stuff [2] and on COCO-Panoptic [24].
COCO-Stuff consists of 118k images with 171 categories,
while COCO-Panoptic has the same training images but
contains 133 categories. Notably, training on COCO-Stuff
outperforms COCO-Panoptic on open-vocabulary segmen-
tation tasks [19]. We evaluated our model on widely-
used open vocabulary segmentation benchmarks, includ-
ing ADE20K [52] (A-847 and A-150), Pascal-Context [28]
(PC-459 and PC-59), and Pascal-VOC [12] (PAS-20). Ad-
ditionally, we assess classification performance on ground-
truth masks from ADE20K and explore open-vocabulary
segmentation by integrating the Mask-Adapter with the
Segment Anything Model [20].

We adopt mean Intersection over Union (mloU) to eval-
uate semantic segmentation performance, following [9, 10,
23, 32, 44]. To further evaluate the model’s generalization
ability on unseen categories, we report mloU* and mIoU"
for seen and unseen categories in ablation experiments.

Implementation details. The proposed Mask-Adapter is
built on Detectron2 [40] and trained in two phases. In the
first phase, we train Mask-Adapter on COCO-Panoptic or
COCO-Stuff using ground-truth masks for 20 epochs with
a batch size of 8. We follow the training schedule [6, 48]
and adopt the AdamW [27] optimizer with an initial learn-
ing rate of 1 x 10~4, weight decay of 0.05, and a multi-step
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Method VLM Training Dataset A-150 A-847 PC-59 PC-459 PAS-20
ZegFormer [10] CLIP ViT-B/16 COCO-Stuff 18.0 5.6 45.5 10.4 89.5
DeOP [16] CLIP ViT-B/16 COCO-Stuft 229 7.1 48.8 94 91.7
OvSeg [23] CLIP ViT-B/16 COCO-Stuft 24.8 7.1 533 11.0 92.6
SAN [45] CLIP ViT-B/16 COCO-Stuff 27.5 10.1 53.8 12.6 94.0
OpenSeg [15] ALIGN COCO Panoptic+Loc. Narr. 28.6 8.8 48.2 12.2 72.2
EBSeg [32] CLIP ViT-B/16 COCO-Stuft 300 11.7  56.7 17.3 94.6
SED [41] CLIP ConvNeXt-B  COCO-Stuff 316 114 573 18.6 944
CAT-Seg [9] CLIP ViT-B/16 COCO-Stuft 31.8 120 575 19.0 94.6
MAFTP* [19] CLIP ConvNeXt-B  COCO-Stuff 34.5 13.8 575 18.5 95.5
MAFTP w/ MaskAdapter ~CLIP ConvNeXt-B COCO-Stuff 356 142 584 17.9 95.1
OvSeg [15] CLIP ViT-L/14 COCO-Stuft 29.6 9.0 55.7 124 94.5
ODISE [43] Stable Diffusion COCO Panoptic 29.9 11.1 55.3 14.5 -
SAN [45] CLIP ViT-L/14 COCO-Stuff 32.1 124 577 15.7 94.6
EBSeg [32] CLIP ViT-L/14 COCO-Stuft 328 137  60.2 21.0 96.4
FC-CLIP* [48] CLIP ConvNeXt-L COCO Panoptic 34.1 148  58.4 18.2 95.4
SED [41] CLIP ConvNeXt-L COCO-Stuff 353 13.7 609 22.1 96.1
GBA [46] CLIP ConvNeXt-L COCO Panoptic 359 151 59.6 18.5 95.8
MAFTP* [19] CLIP ConvNeXt-L COCO-Stuff 36.3 155 595 21.2 96.4
FC-CLIP w/ MaskAdapter CLIP ConvNeXt-L. COCO Panoptic 36.6 14.1 59.7 19.3 95.5
SMART [8] CLIP ViT-L/14 COCO Panoptic 36.8 16.1 62.4 23.6 -
MROV Seg [56] CLIP ViT-L/14 COCO-Stuff 369  16.1 64.1 24.1 97.6
CAT-Seg [9] CLIP ViT-L/14 COCO-Stuff 379 160 633 23.8 97.0
MAFTP w/ MaskAdapter CLIP ConvNeXt-L. COCO-Stuff 382 162 604 22.7 95.8

Table 1. Open Vocabulary Semantic Segmentation Performance. The best results are indicated in bold. We use mloU as the evaluation

metric. * denotes the results re-evaluated.

ADE20K

Method w/o ensemble mloU’ mloU" mloU
Mask2Former w/ CLIP | 34.8 17.5 26.0
Mask2Former w/ Ours | 45.3 (+10.5) 23.0 (+5.5) 34.0 (+8.0)
FC-CLIP 34.6 18.6 26.5
FC-CLIP w/ Ours 46.2 (+11.6) 24.8 (+6.2) 35.4 (+8.9)
MAFTP 45.8 27.0 36.3
MAFTP w/ Ours 47.1 (+1.3)  28.5 1.5 377 (+1.4)

Table 2. Results of baseline methods on the representative
ADE20K dataset. To more clearly highlight the effectiveness of
our approach, we remove the ensemble methods.

learning rate decay schedule. In the second phase, we em-
ploy mixed-mask training on COCO-Panoptic or COCO-
Stuff for an additional 10 epochs with a batch size of 16.
All models are trained with random flip and a crop size of
1024 x 1024, while the evaluation is conducted with an im-
age resolution of 896x896. We set the IoU-based Matcher
threshold to 0.7 and A.e = 2.0, A\eos = 5.0. The Mask-
Adapter generates 16 semantic activation maps for each
mask. Following [48], final classification results are ob-
tained by geometric ensembling in-vocabulary classifiers
and Mask-Adapter classification results. The training was
conducted on 4 NVIDIA RTX 3090 GPUs.

Model Source ‘ Mask Embedding | Acc
ViT-L/14 Open CLIP Mask Cropping 29.8
ConvNeXt-L Open CLIP Mask Cropping 40.1
ViT-L/14 OVSeg [23] Mask Cropping 49.9
EVA-L/14[36] | EVA-CLIP Mask Pooling 322
EVA-L/14[36] | CLIPSelf[39] | Mask Pooling 53.1
ConvNeXt-L Open CLIP Mask Pooling 53.0
ConvNeXt-L Open CLIP Mask-Adapter 66.7
ConvNeXt-L MAFTP Mask-Adapter 74.1
Table 3. Comparison with different mask embedding ex-

traction methods for classification. We evaluate previous ap-
proaches, including Mask Cropping and Mask Pooling methods.

4.2. Main Results

Open-vocabulary segmentation. We follow standard
settings [9, 19, 45] to evaluate open-vocabulary segmen-
tation. We classify the models based on the size of the
Vision-Language Model (VLM). For base VLM models,
Our Mask-Adapter combined with MAFTP [19] achieves
the best performance on the A-150, A-847, and PC-59
datasets, with mloU scores of 35.6, 14.2, and 58.4, re-
spectively, improving mloU by 1.1, 0.4, and 0.9 com-
pared to the baseline. For large VLMs, our Mask-Adapter
with MAFTP outperforms the state-of-the-art method, CAT-
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Seg [9], achieving the best results on the challenging A-
150 and A-847 datasets. Compared to the baseline FC-
CLIP [48], our approach improves mloU by 2.5, 1.3, and
1.1 on the A-150, PC-59, and PC-459 datasets, respectively,
demonstrating its effectiveness.

Comparisons on ADE20K without ensemble strategy.
To demonstrate the Mask-Adapter’s effectiveness, we con-
duct experiments on ADE20K without the ensemble strat-
egy. As shown in Tab. 2, incorporating Mask-Adapter
significantly boosts the performance of three baselines:
Mask2Former (+30.8%), FC-CLIP (+33.5%), and MAFTP
(+3.9%), highlighting the substantial improvements in
open-vocabulary segmentation.

Comparisons with different mask embedding extraction
methods. Tab. 3 presents results of various mask em-
bedding extraction methods on the ADE20K dataset us-
ing ground-truth masks. Our method achieves 74.1% ac-
curacy, outperforming the methods in [10, 19, 23, 44, 48]
demonstrating the effectiveness of our Mask-Adapter in
transferring CLIP’s open-vocabulary recognition capabili-
ties to mask classification. Additionally, rows 2, 6, and 7
directly compare mask cropping, mask pooling, and Mask-
Adapter using the same model (ConvNeXt-L) and source
(OpenCLIP), with Mask-Adapter outperforming the others
by 66.3% and 20.5%, respectively.

ADE20K
mloU* mloU" mloU

34.6 186 265

GT. Pred. Warmup Mask Cons.

v 44.7 239 341
v v 45.4 233 343
v v v 45.6 23.8  34.6
v v v v 46.2 248 354

Table 4. Ablation study on different training strategies and
methods in Mask-Adapter. GT. refers to ADE20K ground truth
masks, Pred. denotes FC-CLIP predicted masks, Mask Cons. in-
dicates whether mask consistency is applied, GT Warmup refers to
the warmup using ground truth masks . We remove the ensemble
operation here.

4.3. Ablation Experiments

Ablation study on Mask-Adapter. As shown in Tab. 4,
replacing Mask Pooling with the ground-truth trained
Mask-Adapter in FC-CLIP improves mloU by 10.1 and 5.3
for seen and unseen categories, respectively. However, di-
rectly using mixed predicted and ground-truth masks for
training slightly reduces performance on unseen classes. In-
troducing Ground-truth warmup and mask consistency loss
improves mloU by 0.3 and 0.8, respectively, highlighting

the importance of Ground-Truth Warmup and Mask Con-
sistency in enhancing the model’s robustness.

ADE20K
Matcher Threshold | mIoU* mloU" mloU
Hungarian - 44.4 22.3 332
IoU-based 0.7 45.3 23.0 34.0
IoU-based 0.8 45.0 22.8 33.7

Table 5. Ablation study of different matchers and IoU thresh-
olds. We evaluate the impact of various matchers and IoU thresh-
olds on the ADE20K dataset. We adopt Mask2Former as baseline
here.

Ablation study of different matchers and IoU thresh-
olds. Asshown in Tab. 5, we evaluate the impact of differ-
ent matchers on the ADE20K dataset. With an IoU-based
matcher threshold of 0.7, the model improves by 0.8 mloU
overall, and 0.9 mloU for seen and 0.7 mloU for unseen
classes.

| Patch Embedding | GT mloU FC-CLIP mloU
Concat 42.5 352
(a) | Add+2x3x3Conv| 434 354
Add +4 x 4 Conv 434 352

\ Num Blocks | GT mloU  FC-CLIP mloU
2 43.1 354
(b) 3 434 354
4 43.7 353

‘ CLIP Feature GT mloU FC-CLIP mloU
© with 434 354
wlo 355 325

Table 6. Ablation study on different designs in Mask-Adapter,
analyzing the impact of different patch embedding methods, Con-
vNeXt block counts, and input CLIP feature usage. Section (a)
compares patch embedding strategies, (b) examines the effect of
varying ConvNeXt block numbers, and (c) highlights the impor-
tance of including CLIP features. The experiments are conducted
during the warm-up training phase.

Ablation study on different designs in Mask-Adapter.
Tab. 6 presents an ablation study on key Mask-Adapter de-
sign choices. In (a), we show that adding CLIP features to
mask features outperforms simple concatenation, proving
this fusion strategy is the most effective. Our mask patchify
approach, with two 3 x3 convolutions, outperforms a single
4 x4 convolution. In Tab. 6 (b), we find that increasing Con-
vNeXt block count improves mask classification accuracy
with ground-truth masks, but too many blocks cause overfit-
ting. Three blocks strike the optimal balance. In Tab. 6 (c),
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Figure 4. Visualizations of Semantic Activation Maps. We present visualizations of the semantic activation maps and their corresponding
segmentation masks. For each input image, the top row shows the semantic activation maps, while the bottom row displays the segmentation
masks. The semantic activation maps emphasize the most discriminative regions of the mask. Best viewed on screen after zooming in.

incorporating CLIP features significantly improves Mask
Accuracy and mloU, enhancing semantic representation.

Ablation of ground-truth masks warmup datasets.
Tab. 7 evaluates the impact of different dataset combina-
tions for ground-truth warmup training in open-vocabulary
segmentation. While COCO-Panoptic is a standard choice,
we observed overfitting with this dataset, leading to re-
duced accuracy for unseen categories over time. To ad-
dress this, we incorporate additional datasets. LVIS en-
hances Mask-Adapter’s robustness, likely due to its richer
textual information. However, integrating a subset of the
Grand dataset [31] (2% of the SA-1B [20]) led to perfor-
mance degradation compared to the COCO-only baseline,
likely due to mask quality problems.

Datasets ‘ GT mloU FC-CLIP mloU
COCO-P 434 354
COCO-P, LVIS 44.5 36.4
COCO-P, LVIS, Grand 43.6 35.1

Table 7. Ablations on ground-truth warmup training data. We
evaluates the impact of different dataset combinations for ground-
truth warmup training in open-vocabulary segmentation.

4.4. Segment Anything with Mask-Adapter

Mask-Adapter can be seamlessly integrated into SAM with-
out training, significantly enhancing its performance on
open-vocabulary segmentation tasks. Following [18], we
conduct experiments under open-vocabulary settings. Tab.
8 shows that SAM with the Mask-Adapter outperforms
SAM w/ CLIP or w/ MAFT across multiple datasets, high-
lighting the Mask-Adapter’s effectiveness in improving the
classification accuracy of masks generated by SAM.

A-847 A-150 PC-459 PC-59

SAM w/ CLIP 7.1 17.9 6.4 344
SAM w/ MAFT 10.1 29.1 12.8 53.5
SAM w/ Mask-Adapter | 11.4 31.5 16.8 49.5

Table 8. Comparison of SAM and SAM with Mask-Adapter
under open-vocabulary settings. Following [18], we evalu-
ate performance using SAM-H with a standard CLIP model and
MAFT [18], as well as our Mask-Adapter approach.

5. Conclusion

In this work, we reveal severe limitations of prevalent meth-
ods using mask pooling and predicted masks for open-
vocabulary segmentation and present a simple yet effec-
tive Mask-Adapter. Instead of directly using proposal
masks, Mask-Adapter extracts semantic activation maps
from masks and obtains mask embeddings by aggregat-
ing CLIP features according to the semantic and con-
textual information provided by the semantic activation
maps for mask classification. We integrate Mask-Adapter
into several well-established open-vocabulary segmentation
methods, demonstrating significant performance gains and
achieving state-of-the-art results across multiple datasets.
Mask-Adapter also extends to SAM without training and
achieves impressive results on several open-vocabulary seg-
mentation benchmarks.
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