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Abstract

Training-free open-vocabulary semantic segmentation aims
to explore the potential of frozen vision-language models
(VLM) for segmentation tasks. Recent works reform the in-
ference process of CLIP and utilize the features from the fi-
nal layer to reconstruct dense representations for segmenta-
tion, demonstrating promising performance. However, the fi-
nal layer tends to prioritize global components over local rep-
resentations, leading to suboptimal robustness and effective-
ness of existing methods. In this paper, we propose CLIPSeg,
anovel training-free framework that fully exploits the diverse
knowledge across layers in CLIP for dense predictions. Our
study unveils two key discoveries: Firstly, the features in the
middle layers exhibit high locality awareness and feature co-
herence compared to the final layer, based on which we pro-
pose the coherence enhanced residual attention module that
generates semantic-aware attention. Secondly, despite not be-
ing directly aligned with the text, the deep layers capture
valid local semantics that complement those in the final layer.
Leveraging this insight, we introduce the deep semantic inte-
gration module to boost the patch semantics in the final block.
Experiments conducted on 9 segmentation benchmarks with
various CLIP models demonstrate that CLIPSeg consistently
outperforms all training-free methods by substantial margins,
e.g., a 7.8% improvement in average mloU for CLIP with a
ViT-L backbone, and competes with learning-based counter-
parts in generalizing to novel concepts in an efficient way.

Introduction

Open-vocabulary semantic segmentation (OVSS) aims to
segment the visual elements of arbitrary categories. Un-
like conventional semantic segmentation (Zhou et al. 2019;
Zhang et al. 2020) that only works on limited predefined cat-
egories, OVSS is more practical for real-world applications
where infinite visual concepts exist. However, the high cost
of dense annotations makes it impractical to scale segmen-
tation to large sets of concepts in a fully supervised man-
ner. Motivated by the strong generality and open-vocabulary
understanding capabilities of CLIP (Radford et al. 2021),
recent works on OVSS explore transferring the image-text
alignment towards finer-granularity for pixel-level predic-
tion.
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Figure 1: Comparison of our .Attn and V to previous works.
For segmentation, the dense output of the final block in
CLIP is constructed using the attention and the value. In
current works (represented as GEM), the Attn exhibits con-
fusing relations among local patches and the patch seman-
tics in V encounter contamination by the dominant category
(“horse”). In contrast, our method generates semantic-aware
attention Attn and achieves accurate patch semantics in V.

A group of literature integrates trainable modules into
CLIP and relies on additional supervision to learn OVSS,
such as dense annotations on limited categories (Xu et al.
2022) and additional image-text pairs (Cha, Mun, and Roh
2023). However, training with limited supervision inevitably
compromises the generalization capability of the model,
leading to underwhelming performance on unseen classes.
Furthermore, the complex additional modules and the train-
ing process incur huge computational cost for OVSS.

In contrast, the training-free methods eliminate the need
for fine-tuning while retain the capabilities and generaliza-
tion of CLIP. CLIP-Surgery (Li et al. 2023) excludes the last
feed forward (FFN) as it pushes the patch features towards
negative semantics. ClearCLIP (Lan et al. 2024) removes the
final residual connection to address the issue of noisy seg-
mentation masks. With above modifications, the final block
in CLIP for segmentation is reformed, as depicted in the left
part of Fig. 1. In essence, the segmentation performance is
primarily determined by the attention module (denoted as



Attn) and the value (denoted as V).

On one hand, the original self-attention module in CLIP
tends to focus on irrelevant semantic regions as illustrated
in Fig. 1. In response to this issue, CLIP-Surgery proposes
the use of value-value attention to enforce high attention
on the patch itself. By integrating supplementary features
(e.g., query) from the final layer, GEM (Bousselham et al.
2024) further extends it to self-self attention (SSA) mecha-
nism, which is widely adopted in subsequent works (Shao
et al. 2024; Lan et al. 2024). However, as illustrated in the
right part of Fig. 1, the resulting attention maps still ex-
hibit confusing relations among local patches, erroneously
assigning high weights to irrelevant regions, thereby result-
ing in the aggregation of unrelated semantics. On the other
hand, the original final value embedding v, in CLIP is com-
monly utilized as V in current works (Shao et al. 2024; Lan
et al. 2024). Nevertheless, the patch semantics in vy, are par-
tially contaminated by the dominated category (e.g., “horse”
in Fig. 1), which would lead to inaccurate category predic-
tions for these patches and their relatives. In addition, CLIP-
Surgery and GEM empirically employ multiple immediate
value embeddings from deep layers as V' without a clear
analysis of the underlying mechanism, limiting further im-
provements.

To address these limitations, we introduce CLIPSeg, a
novel training-free framework that explores the intrinsic
knowledge at different layers in CLIP to construct .Attn and
V for OVSS. We speculate that the confusing relationships
in existing Attn is attributed to the features used for con-
struction, which typically come from the final layer. How-
ever, the final layer tends to prioritize global components,
while disregard local representations. This motivates us to
raise an intriguing question: Can leveraging features from
shallow or middle layers result in higher quality atten-
tion? To construct an accurate Attn, the features need to
achieve both intra-class compactness and inter-class sepa-
rability. We quantify the intra-image feature coherence in-
spired from STEGO (Hamilton et al. 2022) and discover
that middle layers consistently exhibit better feature co-
herence compared to the final layer across various CLIP
models, facilitating the generation of accurate attention
maps. Building upon this, we introduce the Coherence en-
hanced Residual Attention (CRA) module which identifies
the optimal feature to construct the Attn.

In addition, we conjecture that the semantic contamina-
tion in current V (Lan et al. 2024) arises from the self-
attention aggregation, which diffuses global information
into local patches in the deep layers. To address this issue,
we exclude the self-attention module during the forward pro-
cess of deep layers and regenerate their dense outputs, de-
noted as v. Subsequently, we re-use the value projection of
the final layer to project v into the unified visual latent space
to facilitate its semantic prediction. We conduct a quantita-
tive analysis on v and discover that the patch semantics in v
effectively complement the final value and alleviate the se-
mantic contamination. Based on this, we propose the Deep
Semantic Integration (DSI) module to boost the patch se-
mantics of V.

We apply the proposed framework to 8 widely-used CLIP
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models, namely CLIP, OpenCLIP, MetaCLIP, with both ViT-
B (denoted as -B) and ViT-L (-L) backbones. The MetaCLIP
is trained with different data scales, including 400M (de-
noted as -400M) and 5B image-text pairs (-5B). Extensive
experiments conducted on 9 semantic segmentation bench-
marks show that our method consistently achieves the state-
of-the-art performance. Additionally, our training-free solu-
tion even outperforms some methods which are trained with
additional image-text pairs by significant margins.

We highlight our contributions and discoveries as follows:

* We decouple the Attn and V of the final block and refor-
mulate them by exploring the characteristics of different
layers.

* We propose the Coherence enhanced Residual Attention
(CRA) module for Attn, inspired by the observation that
features in the middle layer exhibit better coherence than
those in the final layer of CLIP.

* We introduce the Deep Semantic Integration (DSI) mod-
ule to construct V, based on the observation that deep
layers capture informative patch semantics that comple-
ment the final value, which is often contaminated by the
dominant category.

* We comprehensively assess our method on 9 bench-
marks, and the results clearly show that our approach sig-
nificantly surpasses state-of-the-art methods.

Related Work

Open-vocabulary Semantic Segmentation. Motivated by
the superior generality of large-scale vision-language mod-
els (Jia et al. 2021; Radford et al. 2021), prior works on
OVSS (Ren et al. 2022; Liang et al. 2023; Xing et al.
2023; Zhang et al. 2023) explore methodologies to trans-
fer the global cross-modal alignment capabilities towards
finer granularity. Existing works can be broadly categorized
into three groups based on the supervision paradigm. Fully-
supervised methods (Xu et al. 2022, 2023) introduce dense
annotations into training, typically using the COCO-Stuff
dataset. However, training on limited categories leads to
underwhelming performance on unseen classes and the re-
liance on dense annotations impose limitations on the scal-
ability of the methods. To encompass a wide range of cat-
egories during training, weakly-supervised methods (Luo
et al. 2023; Wang et al. 2024) rely on the readily avail-
able image-text paired data, such as the CC12M dataset.
However, the training data scale is smaller compared to
that used for CLIP, which compromises the generalization
of the model. Moreover, the additional training incurs a
large computational cost. Training-free methods (Lan et al.
2024; Zhao et al. 2024) explore the potential of frozen CLIP
to generate segmentation masks. Our approach belongs to
training-free open-vocabulary semantic segmentation.

Training-free Open-vocabulary Semantic Segmentation.
We category current training-free methods into two groups
based on their inference pipeline to generate segmentation
masks. Two-stage methods (Sun et al. 2024; Luo et al.
2024) typically rely on Grad-CAM to generate mask pro-
posals, which are then feed into CLIP for category predic-
tions. However, the generated masks tend to capture only
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Figure 2: Overall pipeline and the final block of CLIPSeg.
The CRA module identifies the optimal kj;, which is typ-
ically observed in the middle layer, for constructing Attn.
The DSI module regenerates the dense outputs v for deep
layers and combines them with the final v, to construct V.

the most discriminative regions of the target, which neces-
sitates iterative refinement to improve the quality of the
masks. One-stage methods focus on reforming the infer-
ence stream of the visual encoder and conduct pixel-wise
classification. MaskCLIP (Zhou, Loy, and Dai 2022) ex-
cludes the self-attention module in the last layer of CLIP
and reveals that the final value embedding captures local
representations that align well with text. CLIP-Surgery (Li
et al. 2023) introduces a dual path which employs the value-
value attention to replace the original self-attention that
attends to opposite semantic regions. GEM (Bousselham
et al. 2024) and SCLIP (Wang, Mei, and Yuille 2023) fur-
ther extend the value-value attention to self-self attention
(e.g., query-query) mechanism. NACLIP (Hajimiri, Ayed,
and Dolz 2024) and ClearCLIP (Lan et al. 2024) remove the
final feed forward layer and residual connection since they
lead to noisy segmentation masks.

Existing works on training-free OVSS primarily rely on
features solely of the final layer to generate the dense out-
put. However, the final layer tends to prioritize global com-
ponents and fall short in providing the local knowledge
required for semantic segmentation. Consequently, these
methods may exhibit suboptimal robustness and effective-
ness, especially when applied to CLIP models with a ViT-
L backbone that contains a large number of layers. In this
paper, we explore and harness the diverse knowledge cap-
tured across different layers in CLIP for dense predictions
and propose a robust training-free framework for OVSS.

Method
Problem Definition

The visual encoder in CLIP with the ViT architecture com-
prises L Transformer blocks. And the final output can be
described as follows:

xr, = xr_1 + Proj(softmax(Attn) - vr),
xrr =xr + FFN(LN(%L)),

where x1,_1, vy, denote the output of the penultimate layer
and the last value embedding, respectively. Proj denotes a

ey
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layer 9

Figure 3: Comparison of patch response heatmaps generated
by the k-k attention at different layers in CLIP-L. The red
dot in the picture represents the selected patch. The final
layer (24) exhibits confusing relationships with irrelevant re-
gions, while the middle layer (9) leads to accurate attention
on similar patches.

projection layer and LN represents the layer normalization.
In classification tasks, the Attn is typically computed as
the query-key (g-k) attention which aggregates the global
information. To enhance the local representations required
for segmentation, certain modifications have been intro-
duced to Eq. 1. Following CLIP-Surgery (Li et al. 2023)
and ClearCLIP (Lan et al. 2024), we exclude the last FFN
which tends to push the patch features towards inverse se-
mantics and ignore the final residual connection which leads
to noisy segmentation masks. Consequently, the dense out-
put Z, € RP*P of the visual encoder can be reformed as
follows:

Z,, = Proj(softmax(Attn) - V), (2)

where P, D represent the patch numbers and the dimension
size, respectively. [-] stands for the dot production.

As illustrated in Eq. 2, the dense output Z,, is constructed
by aggregating the patch semantics in ) using Attn. Based
on this, our analysis and enhancements for OVSS focus on
two pivotal components: (1) We introduce the coherence en-
hanced residual attention (CRA) module for Attn, which
robustly assigns high weights to similar patches while dis-
regarding irrelevant ones. (2) We propose the deep semantic
integration (DSI) module to boost the patch semantics cap-
tured by V. The overall pipeline of the proposed method is
presented in Fig. 2.

Coherence Enhanced Residual Attention

The Attn determines the weights assigned to each token
when constructing the feature of a patch. In existing works,
features from the final layer are commonly utilized to com-
pute self-self attention (e.g., g-q, k-k) for Attn. However, as
depicted in the last column of Fig. 3, the resulting attention
maps present confusing relationships among patches, which
may be attributed to the global information entailed in the
patch features of the final layer. This motivates us to explore
the shallow and middle layers for attention construction.
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Figure 4: Comparison of M at different layers across 8§ CLIP
models. The dotted line in the graph indicates the layer index
corresponding to the optimal feature for Attn. The features
in the middle layers consistently demonstrate better coher-
ence compared to the final layer. This trend is particularly
pronounced in CLIP with a ViT-L backbone.

In order to construct accurate attention, it is crucial to
ensure that the features exhibit both intra-class compact-
ness and inter-class separability. This allows for the empha-
sis on semantically similar regions while disregarding unre-
lated ones. To this end, we develop the intra-image visual
feature coherence metric, denoted as M, to assess the fea-
tures across layers for attention construction. For simplic-
ity, we concatenate the output from multi-head attention to
form a single query ¢, key k and value v for each layer. We
take the key k; € RP*P, where i = 1,..., L (the num-
ber of Transformer blocks), to illustrate the metric. Given
the L2 normalized k;, we start with computing the affinity
matrix S € RP*P among the patches within an image as
S = k; - kI'. Subsequently, we employ the S as a binary
classifier to predict whether two randomly selected patches
p1, p2 belong to the same semantic category. The classifica-
tion is conducted by applying a threshold to the similarity
value between two patches. The ground truth for this binary
classification task is derived from the semantic segmenta-
tion mask m, where the label is assigned as 1 if m,, = m,,
and 0 otherwise. The AUROC score of the prediction task
is adopted as the metric M. We employ the COCO-Stuff
dataset to evaluate the intra-image feature coherence. No-
tably, we do not use the ground truth labels to tune any pa-
rameters of CLIP. By plotting the M of features across dif-
ferent layers in Fig. 4, we obtain the following observations:

¢ The feature coherence M in CLIP first increases and then
decreases as the layers go deeper. The feature with the
highest coherence, denoted as k), is typically observed
in the middle layers, e.g., layers 8-9 for CLIP with a ViT-
L backbone.

* The features in the final layer demonstrate poor coher-
ence, particularly noticeable in CLIP models with a ViT-
L backbone that contains a large number of layers.

Building upon this, the CRA employs the optimal feature
ks for attention construction. The conventional approach
is to exploit the self-self attention (SSA) mechanism. How-
ever, SSA solely focuses on the pairwise relationships be-
tween two patches, neglecting their relationships with other
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Figure 5: Comparison of the patch semantics in the final vy,
and the v, _o from the three-to-last layer in Meta-L.-400M.
The categories assigned to certain patches in the image are
generated by matching their embedding to the class names
in the Pascal Context-59 dataset. Not every patch is labeled
with its category to provide a clear view. The patch tokens
in the final vy, are partially contaminated by the dominated
category which is indicated by the red dot in each image,
while the v _o mitigates this phenomenon.

patches. In our CRA design, the similarity between two
patches is not solely determined by their direct interactions,
but is also influenced by their respective relationships with a
third-party one, which can be formulated as follows:

Attn = (kar - kL, 4+ G (k) T, 3)

where 7 is the temperature hyperparameter. G stands for the
relation-attention module, which is accomplished by estab-
lishing connections between two points with weights € if
both of their similarities to common third patches exceed the
threshold value €. In practice, G can be effectively achieved
using the soft-clustering methods.

Deep Semantic Integration

The V provides the foundational patch semantics for con-
structing the dense representations. In previous works (Shao
et al. 2024; Lan et al. 2024), the final value vy, is typically
utilized as V. However, as depicted in the second row of
Fig. 5, the patch semantics in vy, are partially contaminated
by the dominant category, leading to inaccurate category
predictions for these patches and their relatives. We con-
jecture such phenomenon is originated from the ¢-k atten-
tion aggregation, which diffuses the global information into
patch tokens in the deep layers. To verify this hypothesis,
we exclude the self-attention and regenerate the dense out-
puts v; for the previous layers. The process can be defined
as follows:

T; = Ti_1+ FFN(.’Eifl)

~ oy~ 1=1,..
Vi = Wy, - T4

7L - ]-7 (4)
where FFN denotes the feed forward in i-th layer. Notably,
the value projection w} in the final layer is employed to
project the intermediate dense output into the final visual

latent space to facilitate the semantic prediction. As shown
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Figure 6: Comparison of the local representations captured
by vy and v;. The vy corresponds to the layer index -1,
representing the final layer. The layer index -2 refers to
the v; generated by the penultimate layer. As the layer be-
comes shallower, the feature coherence M increases while
the cross-modal semantic alignment C decreases.

in Fig. 5, v; mitigates the semantic contamination of patch
tokens by the dominant category.

However, the v; derived from previous layers may suffer
from inaccurate semantic alignment due to the information
loss during the reformed forward process. To evaluate the
quality of the local representations captured by v; and vy, we
assess them from two perspectives: (1) locality awareness,
which measures whether the patch token accurately captures
its local information. The occurrence of patches contami-
nated by global semantics would lead to confusing relation-
ships and poor locality awareness. Therefore, the coherence
M is employed here. (2) Cross-modal Semantic Alignment
C, which reflects the alignment between local visual rep-
resentations and text embeddings. The average pixel accu-
racy on COCO-Stuff dataset is employed as C. Low seman-
tic alignment may lead to inaccurate category predictions.
Fig. 6 illustrates the evaluation results across 8§ CLIP mod-
els, from which we can make the following observations:

* The final value vy, exhibits poor locality awareness but
strong cross-modal alignment.

* Asthe layer becomes shallower, the locality awareness of
v; increases while the cross-modal semantic alignment C
decreases. Notably, in most models, there is a significant
drop in C at the fourth-to-last layer.

In order to achieve a trade-off between locality aware-
ness and cross-modal semantic alignment within the local
representations, we introduce the deep semantic integration
(DSI) module which combines the v; and v, to generate V,
as illustrated in the Fig. 2. We denote the layer index of the
start layer to be combined as . It is worth nothing that our
DSI module differs from the dual-path in CLIP-Surgery and
GEM which generates the dense output for previous layers
via v; = w} - x;. They directly employ the immediate value
embeddings in deep layers that would encounter more in-
formation loss and a greater decrease in the semantic align-
ment. Additional analysis are provided in the appendix.
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Experiments
Implementation Details

We apply the proposed framework on 8 CLIP models
for OVSS, including CLIP-B/L (Radford et al. 2021)
released by OpenAl, and Open-B/L (Cherti et al. 2023)
pretrained on LAION-400M (Schuhmann et al. 2021), and
Meta-B/L-400M/5B (Xu et al. 2024). Among the eight
models, the optimal features kjp; for Attn consistently
correspond to the key embedding from a certain layer.
The layer index is determined according to Fig. 4. For
simplicity and without loss of generality, we employ the
soft-dbscan approach to calculate the relation-attention.
Specifically, if two points are density-reachable within
a cosine distance threshold ¢, their relation-attention is
assigned €, otherwise 0. The cosine distance threshold e
is empirically set to 0.75. The temperature in Eq. 3 is set
to 6 across all models and datasets. If not specified, we
ensemble the dense output of last three layers to construct V.

Comparison to State-of-the-art Methods

Evaluation protocol. We follow the widely-used evaluation
protocol, as introduced in TCL (Cha, Mun, and Roh 2023)
to evaluate our method across 9 segmentation benchmarks in
a zero-shot manner. These benchmarks are categorized into
two groups: (%) without background class including Pascal
VOC20 (Everingham et al. 2010) with 20 classes (denoted as
V20), Pascal Context (Mottaghi et al. 2014) with 459 classes
in the full version (C459) and the most frequent 59 classes
in the C59 version, COCO-Stuff (Caesar, Uijlings, and Fer-
rari 2018) with 171 classes (STUFF), ADE20k (Zhou et al.
2019) with 847 classes in the full version (A847) and A150
version with the most frequent 150 classes and Cityscapes
(CITY) (Cordts et al. 2016) with 19 classes. (i) with a back-
ground class including Pascal Context 60 (C60) and COCO
object with 80 classes (COCO).

Comparison to training-free methods. We compare our
method with state-of-the-art training-free approaches
including MaskCLIP (Zhou, Loy, and Dai 2022),
SCLIP (Wang, Mei, and Yuille 2023), GEM (Bous-
selham et al. 2024), CLIPtrase (Shao et al. 2024) and
ClearCLIP (Lan et al. 2024). In cases where results for
various models have not been reported by the authors,
we generate these results using their official released
code. Notably, when evaluating on benchmarks without
background class, we exclude class name-based tricks
that introduce additional synonyms in SCLIP to ensure a
fair comparison. Following previous works (Wang, Mei,
and Yuille 2023), we incorporate pixel-adaptive mask
refinement (PAMR) (Araslanov and Roth 2020) into all
methods for a fair comparison.

As demonstrated in Tab. 1, we consistently achieve state-
of-the-art performance on all benchmarks across various
CLIP models, surpassing previous methods by significant
margins. Notably, existing methods obtain lower perfor-
mance for CLIP models with a ViT-L backbone compared
to the ViT-B counterpart. The counter-intuitive phenomena
can be attributed to the significantly inferior feature co-



Methods \ VLM \ C60 COCO V20 CITY STUFF A150 A847 C59 C459 ‘ Avg.
MaskCLIP pccvas 226 189 721 112 151 9.0 - 253 - -
SCLIP [, iv23] 315 312 794 341 239 178 53 36.1 9.6 29.9
GEM (cvproy CLIP-B | 33 337 73 308 242 156 62 351 112 29.2
CLIPtrase (zccvaq) 31.1 334 80.6 18.6 239 175 56 357 10.1 28.5
ClearCLIP (zccvos 328 333 741 297 245 169 6.2 352 10.6 272
CLIPSeg (Ours) ‘ CLIP-B ‘ 353 379 835 364 271 197 69 39.7 115 ‘ 33.1(+3.2)
SCLIP [, yiv23] 251 272 74 238 182 121 3.8 274 8.1 244
GEM (cvproy| CLIP-L 25.6 323 755 264 194 128 54 276 95 26.0
CLIPtrase [pccvoy) 244 279 652 174 181 124 51 274 85 229
ClearCLIP (pccvoy 273 323 741 291 207 153 63 295 104 27.9
CLIPSeg (Ours) ‘ CLIP-L ‘ 373 403 85.6 412 287 23 91 424 136 ‘ 35.7 (+7.8)
SCLIP [.vivo3 255 261 717 217 173 132 46 282 8.6 24.1
GEM |cvpray) Meta-L-5B 289 338 77 279 225 161 64 325 112 28.5
CLIPtrase [zccvoy) 27.5 311 715 147 209 158 64 30.8 10.8 25.5
ClearCLIP (pccvoy 283 311 75 269 221 173 69 322 114 279
CLIPSeg (Ours) |Meta-L-5B |39.4 41.9 872 418 303 259 9.9 451 15 |37.4(+8.9)

Table 1: Zero-shot segmentation performance comparison to training-free methods. The generated masks for all methods are
further refined using the post-processing method PAMR. The metric mloU (%) is used in every experiment. We highlight the

best and second-best results.

Methods | V20 AIS0 CITY C59 STUFF |Avg.
MaskCLIP (oo |749 9.8 223 264 164 | 30
SCLIP .00 |779 165 323 345 228 |368
GEM (cvpon  |799 157 314 359 237 |373
ClearCLIP ccvor | 809 167 304 359 239 |37.6
CLIPtrase occvor |812 17 184 349 241 |35.1
CLIPSeg (Ours) [83.2 19.2 359 387 264 |40.7

Table 2: Zero-shot segmentation performance comparison to
training-free methods for CLIP-B without post-processing.

herence observed in the final layer of ViT-L based CLIP
models (as shown in Fig. 4). Our approach addresses this
limitation by capturing diverse knowledge across layers,
outperforming the high-performing ClearCLIP by 7.8% in
average mloU for CLIP-L and achieving an impressive
8.9% mloU improvement compared to GEM for Meta-L-5B.
We additionally provide a performance comparison without
post-processing in Tab. 2, where our method consistently
achieves state-of-the-art performance. The qualitative com-
parison of our method with state-of-the-art approaches is
presented in Fig. 7.

Comparison to training-based methods. To further
demonstrate the effectiveness of CLIPSeg, we conduct a
comparison with methods that rely on intricate training pro-
cess on datasets with numerous novel concepts, including
A847 and C459. These approaches can be categorized into
two groups based on the supervision paradigm: (1) Fully-
supervised methods rely on dense annotations, typically
training on the COCO-Stuff dataset with 156 classes. These
methods often require the use of additional models specifi-
cally designed for segmentation, such as mask proposal gen-
eration. (2) Weakly-supervised methods train on additional
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Training Extra

Methods Datadet Module A847 | C459
Zegformer [CVPR22] STUFF-156 v 49 9.1
OVSeg [CVPR23] STUFF-156 v 7.0 104
DeOP oy | STUFF-156 | v | 71 | 94
SegCLIP o105 | CC3MHCC | v | 30 | 5.7
TCL (cveros) CC3M&12M v 6.2 | 89
CoDe vproy |CCM&I2M| v | 6.1 | 100
CLIPSeg (Ours) | X | x | 69 |115

Table 3: Zero-shot segmentation performance comparison
to training-based methods using CLIP-B. CC denotes the
COCO Caption dataset.

image-text pairs for fine-grained alignment.

As demonstrated in Tab. 3, our approach consistently out-
performs the weakly-supervised methods that rely on ad-
dition training by significant margins. More importantly,
our method achieves comparable results on A847 and out-
performs fully-supervised counterparts on C459. For in-
stance, we achieve 11.5% mloU on C459 using CLIP-B in a
training-free manner while DeOP attains 9.4 % mloU even
with additional training on COCO-Stuftf-156.

Ablation Study

In this section, we conduct ablation studies to evaluate the
effects of core components of the proposed method. No-
tably, all experiments are conducted based on Eq. 2, follow-
ing the modifications that exclude the last FFN and residual
connection. The post-processing methods are not employed.
Effect of the coherence enhanced residual attention. To
demonstrate the effectiveness of our CRA module to the
overall segmentation performance, we present the results
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Figure 7: Qualitative comparison results on C59 for Meta-L-
5B. The official palette from MMSegmentation is utilized.

Attn | VLM | A150 CITY C59 STUFF |Avg.

q-k 89 11.1 204 14 13.6
kr-kr CLIP | 158 214 354 242 |242
kri-kar (Ours) | -B | 189 35.1 384 26.1 |29.6
+ G(knr) (Ours) 19.2 359 387 264 |30.1
q-k 10,6 17.1 234 156 |16.7
kr-kr CLIP| 173 28.7 349 237 |262
kyi-ka (Ours) | -L | 22.1  39.8 41  27.6 |32.6
+ G(kar) (Ours) 223 40.1 413 28 |329

Table 4: Ablation studies on the Attn. The k;, denotes the
key embedding in the last layer. And kj; represents optimal
feature for Attn from a certain middle layer. “+ G(kas)” ex-
tends the kj/-kps with relation-attention, which corresponds
to the complete CRA module.

with different Attn in Tab 4. The baseline refers to the orig-
inal self-attention module that performs g-k attention. The
line kz-k1, represents the use of k in the final layer, as pre-
viously done in works (Bousselham et al. 2024; Shao et al.
2024), with the SSA mechanism to construct Attn. The line
kar-kps indicates that the optimal embedding from a cer-
tain middle layer is utilized to construct the SSA. The line
with “+ G(kps)” extends kpr-kps by incorporating relation-
attention, which corresponds to the complete CRA module.
As illustrated in Tab. 4, when employing the SSA mech-
anism to construct Attn for CLIP-B, the k), achieves an
improvement of 5.4% in average mloU compared to the k..
For CLIP-L, the k), outperforms ky, by a significant margin
with 6.4% mloU improvement, which could be attributed to
the poor feature coherence of k7, in CLIP-L . Moreover, the
relation-attention, which enhances the SSA by incorporat-
ing patch relationships, leads to an additional improvement
of 0.5% mloU for CLIP-B.
Effect of the DSI. Tab. 5 presents the ablation studies on
the DSI. The [ represents the layer index of the start layer
to be combined in the DSI module. The “-1” baseline in-
dicates the sole utilization of the final v; embedding. As
shown in Tab. 5, merging the local features for the last three
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I| VLM |V20 A150 CITY C59 STUFF |Avg.
-1 825 18.8 34.1 379 257 |39.8
-2| CLIP |83.8 189 348 379 258 |40.2
-3 -B 832 19.2 359 38.7 264 |40.7
-4 81.7 189 372 39 262 |40.6
-1 83.7 22.6 364 40 263 |41.8
-2|META-L [85.2 232 39 41 275 |432
-3| -400M |85.1 232 382 418 28 |433
-4 843 229 377 418 277 |429

Table 5: Ablation studies on the V. The “-1” baseline in-
dicates the sole utilization of the v;, embedding in the last
layer. The [ represents the layer index of the start layer to
be combined in the DSI module. Our default settings in the
main experiments are bold.

7| VLM | V20 A150 CITY C59 STUFF|Avg.
5 83.6 185 31.7 38.1 26.1 |39.6
6|CLIP|832 192 359 387 264 |40.7
7|1 -B |822 193 375 38.6 26.1 |40.7
8 80.7 19.1 379 382 255 |403
5 853 21.3 388 405 27.7 |42.7
6|CLIP|85.1 223 40.1 413 28 |434
7| -L |844 227 403 415 278 |433
8 832 226 40.1 412 273 |429

Table 6: Ablation studies on the temperature 7. Our default
settings in the main experiments are bold.

layers consistently results in the best performance. It leads to
a 0.9% average mloU improvement for CLIP-B and a 1.5%
mloU improvement for META-L-400M. These results align
with the observation in Fig. 6 that most models encounter a
rapid drop in the semantic alignment at the four-to-last layer.
Effect of the temperature 7. We perform an ablation study
on the performance impact of different values of 7 in Tab. 6.
The optimal values of 7 for achieving the best performance
vary across different datasets. Consistently, setting the value
of 7 to 6 yields the best performance in terms of average
mloU across various CLIP models.

Conclusion

In this paper, we propose CLIPSeg, a robust training-free
open-vocabulary semantic segmentation framework with
frozen CLIP models. We decouple the construction of dense
output of CLIP into attention and patch semantics and em-
phasize the importance of exploiting features from differ-
ent layers for their construction. We introduce the coher-
ence enhanced residual attention module which generates
the semantic-aware attention, leveraging the high coherence
observed in features from middle layers. In addition, we pro-
pose the deep semantic integration module that enhances the
local representations and mitigates the semantic contamina-
tion in the final value by incorporating dense outputs regen-
erated from deep layers. Extensive experiments conducted
on 9 segmentation benchmarks demonstrate the superiority
of our method.
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