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Abstract

Contrastive Language-Image Pre-training (CLIP) exhibits
strong zero-shot classification ability on image-level tasks,
leading to the research to adapt CLIP for open-vocabulary
semantic segmentation without training. The key is to im-
prove spatial representation of image-level CLIP, such as
replacing self-attention map at last layer with self-self at-
tention map or vision foundation model based attention
map. In this paper, we present a novel hierarchical frame-
work, named CLIPer; that hierarchically improves spatial
representation of CLIP. The proposed CLIPer includes an
early-layer fusion and a fine-grained compensation. We ob-
serve that, the embeddings and attention maps at early lay-
ers can preserve spatial structural information. Inspired
by this, we design the early-layer fusion module to gener-
ate segmentation map with better spatial coherence. Af-
terwards, we employ a fine-grained compensation module
to compensate local details using the self-attention maps
of diffusion model. We conduct the experiments on eight
segmentation datasets. Our CLIPer achieves the state-of-
the-art performance on these datasets. With ViT-L and
sliding-window inference, CLIPer has the mloU of 72.2%
and 44.7% on VOC and Object, outperforming ProxyCLIP
by 11.6% and 5.5%. Our code is available at https :
//github.com/linsun449/cliper. code.

1. Introduction

Open-vocabulary semantic segmentation [2, 50, 52] aims
to divide an image into different groups and assign each
group a label belonging to arbitrary categories. Recently,
the researchers mainly explored to employ vision-language
models for open-vocabulary semantic segmentation.
Contrastive Language-Image Pre-training (CLIP) model
[26] has shown strong zero-shot capabilities on image-level
classification task, due to the pre-training on large-scale
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Figure 1. Comparison with CLIP-based open-vocabulary se-
mantic segmentation approaches without training. In (a), the
approaches [10, 16, 36] replace original self-attention at last layer
with self-self attention, which can better maintain spatial coher-
ence. In (b), ProxyCLIP [15] opts for a different strategy, replacing
original self-attention map with vision foundation model (VFM)
based attention map. In (c), we utilize the embeddings and self-
attention maps at early layers to fully exploit spatial information in
CLIP. Subsequently, we perform fine-grained compensation using
diffusion model as post-processing to improve local details.

image-text paired data [31]. Based on this, several methods
have been proposed to adapt CLIP for training-free open-
vocabulary semantic segmentation. The key challenge is
to improve spatial representation of image-level supervised
model for pixel-level segmentation. As shown in Fig. 1(a),
some methods modify the original self-attention map at last
layer with self-self attention map, better maintaining local
spatial information. For instance, MaskCLIP [52] employs
an identical self-self matrix as the self-attention map at last
layer to generate visual patch embeddings, while SCLIP
[36] and ClearCLIP [16] employ the query-to-query or key-
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to-key attention map to replace original self-attention map.
Instead of using original or self-self attention map, Proxy-
CLIP [15] extracts the self-attention map from visual foun-
dation model (VFEM) [4] as self-attention map at last layer
in Fig. 1(b). These methods enhance segmentation per-
formance of CLIP in open-vocabulary setting without ad-
ditional training. However, these methods mainly consider
improving the self-attention map at last layer of CLIP.

In this paper, we focus on two factors to hierarchically
improve spatial representation. (i) The first one is to im-
prove patch-level spatial coherence. We observe that, early
layers share similar embedding space with last layer and
also have good spatial coherence. This enables training-free
feature fusion of early-layer information to improve seg-
mentation. (ii) The second is fine-grained compensation.
The patch-level similarity map between image and text is
relatively coarse in local details. It is necessary to further
improve local details for improved segmentation.

Based on these two factors above, we introduce a novel
hierarchical method for open-vocabulary semantic segmen-
tation, named CLIPer. Our CLIPer consists of an early-
layer fusion module and a fine-grained compensation mod-
ule. As shown in Fig. 1(c), the early-layer fusion module
integrates patch embeddings and attention maps from early
layers to improve spatial coherence of output patch embed-
dings. Based on the output patch embeddings and text em-
beddings of arbitrary categories, we can generate the coarse
segmentation map. Afterwards, the fine-grained compen-
sation module integrates fine spatial information of Stable
Diffusion to compensate the local details. We conduct ex-
periments on various segmentation datasets. The contribu-
tions and merits are summarized as
* We propose a novel training-free CLIP-based method that

hierarchically improves the spatial representation of CLIP
for open-vocabulary sematic segmentation.

* An early-layer fusion strategy is introduced to improve
patch-level coherence within CLIP by integrating early-
layer information.

* A fine-grained compensation module leverages the fine
detail information from diffusion model to refine local de-
tails lost in CLIP, leading to more precise segmentation
without any training.

e Our method has superior performance on eight datasets.
With ViT-L and sliding-window inference, it has averaged
score of 48.6%, outperforming ProxyCLIP by 5.7%.

2. Related Work

Vision-language pre-training models. Vision-language
pre-training models aim to establish relationships between
the images and texts. Among these models, CLIP [26]
is one of most successful vision-language models, which
is trained on a very large-scale image-text paired dataset.
Due to the large-scale pre-training, CLIP exhibits strong

zero-shot classification performance on various image-level
tasks. OpenCLIP [7] explores to improve CLIP via con-
ducting a comprehensive experimental analysis of scaling
laws. To address the challenge of expensive image-text an-
notations, ALIGN [13] introduces to use large-scale noisy
image-text data for model learning.

Open-vocabulary semantic segmentation. In contrast
to traditional semantic segmentation [23, 33, 37], open-
vocabulary semantic segmentation [21, 27, 32] segments
objects belonging to arbitrary categories. The related meth-
ods are divided into training-based [5, 24, 38, 46] and
training-free [22, 36] approaches. Training-based meth-
ods first train a model on a fixed set of categories from
a given training dataset and then apply the learned model
to segment objects from arbitrary semantic categories.
Some training-based approaches [20, 47] follow two-stage
pipeline, where the first stage extracts mask proposals, and
the second stage assigns semantic labels to mask proposals.
For instance, OVSeg [20] first trains a class-agnostic mask
proposals using query-based framework Mask2Former [6],
and then fine-tunes CLIP to classify cropped and masked
images. Some training-based approaches adopt single-stage
pipeline. For instance, SAN [49] introduces a side adapter
to adapt CLIP for both classification and segmentation.
CAT-Seg [8] constructs pixel-level cost map for segmenta-
tion. SED [42] introduces a simple encoder-decoder archi-
tecture with category early rejection for efficient segmen-
tation. Cascade-CLIP [18] employs multiple independent
text-image decoders to extract features from different lay-
ers, introducing additional learnable networks.

Compared to training-based approaches, training-free
methods aim to directly adapt vision-language models for
open-vocabulary semantic segmentation without any train-
ing. Most training-free approaches focus on exploring to
improve spatial coherence of image-level supervised CLIP.
For instance, MaskCLIP [52] removes the self-attention at
last layer, and directly employs value embeddings as output
embeddings to perform pixel-level segmentation. Instead
of removing self-attention, SCLIP [36] and ClearCLIP [16]
employ query-to-query or key-to-key attention map to re-
place original attention map at last layer. CaR [35] adopts
a recurrent framework to progressively enhance segmenta-
tion. In addition, some researchers have explored to employ
diffusion models for open-vocabulary semantic segmenta-
tion. For instance, ODISE [47] employs diffusion model
to generate mask proposals, and generates the visual em-
beddings of masks for classification. OVDiff [14] gener-
ates support images of arbitrary categories using diffusion
model, and extracts the features of prototypes to segment
inference images. DiffSegmenter [39] and iSeg [34] exploit
self-attention and cross-attention maps from diffusion mod-
els for open-vocabulary segmentation.

The recent DINO-based approaches [15, 40] focus on
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improving spatial information of CLIP. For instance, CLIP-
DINOiser [40] employs DINO features with good spatial
properties to guide CLIP feature learning during training,
while ProxyCLIP [15] replaces original self-attention in
CLIP with proxy attention in DINO. Our method is related
to these approaches, but has significant differences. Instead
of integrating spatial coherence of DINO features via train-
ing guidance or self-attention replacement, our method em-
ploys diffusion model as a post-processing step to refine
coarse segmentation and significantly outperforms these ap-
proaches with DINO. In addition, our early-layer fusion
strategy can fully mine spatial information within CLIP.

3. Methodology

3.1. Preliminary

CLIP. CLIP [26] contains an image encoder and a text
encoder. The image encoder has a series of transformer
blocks [11], where input image is divided into patches and
processed through these blocks. The transformer block
contains a residual attention and a residual FFN. Initially,
a class token is added to aggregate information from all
patches, forming a global representation of image. Sub-
sequently, each transformer block processes input embed-
dings F = [Fys, F1, ..., Fny), where F,s represents the
embeddings of class token, and others represent the embed-
dings of patch tokens. The output embeddings of class to-
ken are finally aligned with the embeddings of text encoder.
Stable Diffusion. Image diffusion model generates images
starting from random Gaussian noise through a series of de-
noising steps. By training on large-scale dataset, the diffu-
sion model Stable Diffusion [29] is able to generate high-
quality images with rich details. It has been shown that,
the features in Stable Diffusion are able to accurately cap-
ture local detail information. Therefore, we explore to use
Stable Diffusion to improve local details of segmentation.
Attention mechanism. Both CLIP and Stable Diffusion
leverage attention mechanism. CLIP employs the self-
attention to model relationships between image patches. In
contrast, Stable Diffusion incorporates both self-attention
and cross-attention, where self-attention extracts spatial co-
herence within the image, and cross-attention allows the
model to incorporate conditioning information (e.g., text de-
scription) to guide image generation. The output, whether
in self-attention or cross-attention, is calculated by the
query @, key K and value V' as follows

Att(Q, K, V) =AYV, (1)
the attention map A is given by
QK"
Vd

where d is feature dimensionality. In self-attention, the
query, key, and value come from the same embeddings of

A = Softmax(

); 2

Figure 2. Visualization of patch embeddings in CLIP. In (a), we
visualize the embeddings using t-SNE, where both the early and
later embeddings exhibit good spatial coherence. In (b), we eval-
uate the cosine similarity between the embeddings of early layers
at a specific point and the embeddings at last layer, revealing that
the earlier and last embeddings share similar embedding space.

Figure 3. Visualization of self-attention maps in CLIP and Sta-
ble Diffusion (SD). We show the self-attention maps at selected
points for both CLIP and SD. Compared to that of CLIP, the self-
attention maps of SD focus more on capturing local details.

image. In contrast, in cross-attention, the query comes from
image, while the key and value come from text description.

3.2. Motivation

To adapt pre-trained CLIP for open-vocabulary segmenta-
tion, one straightforward approach is to discard the class
token and use only the patch tokens to generate pixel-level
similarity map with text embeddings. However, since CLIP
is pre-trained on image-level classification task, this simple
approach usually achieves poor segmentation due to weak
spatial coherence of patch embeddings. To address this is-
sue, some approaches [10, 36] primarily focus on modifying
the last layer to improve spatial coherence. In contrast, we
propose to hierarchically improve spatial representation for
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Figure 4. Overall architecture of our method CLIPer. Our CLIPer contains two components: early-layer fusion and fine-grained
compensation. In the early-layer fusion, we aggregate early-layer information of CLIP image encoder, including embeddings and attention
maps, to improve spatial coherence of output embeddings, which are used to generate coarse segmentation map with text embeddings. The
fine-grained compensation aims to employ self-attention maps of Stable Diffusion to refine local details of coarse segmentation map.

better segmentation inspired by two aspects of observations.

The first is, the embeddings at early layers can be used
to improve spatial coherence. First, as shown in Fig. 2(a),
similar to that at last layer, the patch embeddings at early
layers also retain spatial information. Second, in Fig. 2(b),
early-layer embeddings share similarities with the embed-
dings at last layer. This similarity enables effective fusion
of early- and late-layer information without training.

The second is, the pre-trained Stable Diffusion (SD) can
generate high-quality images with rich details. As in Fig.
3, by visualizing the self-attention maps in CLIP and SD,
we observe that the attention maps of SD effectively cap-
ture local details. This contrasts with the attention maps in
CLIP, which typically respond to broader semantic areas.
This key observation suggests that we can integrate the fine
spatial information from SD to improve coarse segmenta-
tion generated by CLIP.

3.3. Framework

Overview. Inspired by motivation and insights above, we
propose a novel hierarchical approach for open-vocabulary
semantic segmentation. Fig. 4 presents an overall architec-
ture of our proposed method, named CLIPer. Our CLIPer
consists of two complementary components. In first compo-
nent, we leverage an early-layer fusion module to generate
patch embeddings with better spatial coherence, and then
generate coarse segmentation map according to the similar-
ity between patch embeddings and text embeddings of text
encoder. In second component, we perform fine-grained

compensation using the attention maps of Stable Diffusion.
Early-layer fusion. This module aims to improve spatial
coherence using the embeddings of early layers. Specif-
ically, given an image, we first divide the image into
patch embeddings F© € R("w+1)xD and then feed these
embeddings to a series of transformer blocks. For n-
th transformer block, we generate the query Q", key
K™, and value V" as Q" = Proj(LN(F"71)),K" =
Proj(LN(F"~1)), V"™ = Proj,(LN(F"~1)). Here, LN
denotes layer normalization, and the projections Projg,
Projy, and Proj, respectively present a linear layer. With
the query Q", key K", and value V", the output embed-
dings F™ of n-th transformer block are calculated by

F™ = Att(Q", K™, V™) + F" !, 3)

F" = FEN(LN(F™)) + F", 4)

where FFN stands for a feed-forward network. The atten-
tion map of n-th transformer, which is generated in attention
operation of Eq. 3, denoted as A™.

Similarly, we can generate the embeddings and attention
maps of all transformer blocks up to the penultimate layer,
denoted as two sets: F = {F‘|i=1,2,..,N —1} and
A = {A%i=1,2,..,N —1}. We first generate an aver-
aged attention map as

1 N—-1
Aavg = 3 DA (5)
n=1
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Then, we replace the original self-attention map at last layer
with the averaged attention map A4, and then feed all the
embeddings to the last layer. Similar to ClearCLIP [16], we
omit the feed-forward network and residual connections in
the last transformer block, which can simplify the represen-
tation while aligning text embeddings better. As a result, we
generate multiple output embeddings for different layers.
Lastly, we compute the cosine similarity between mul-
tiple output embeddings and text embeddings derived from
the CLIP text encoder, and calculate the averaged similar-
ity map. This averaged similarity map is used as the coarse
segmentation by mapping each patch embedding to the can-
didate category embeddings.
Fine-grained compensation. The patch-level segmenta-
tion generated by CLIP remains relatively coarse, limiting
segmentation accuracy. To better compensate local details
of coarse map, we employ self-fused self-attention (SFSA)
to leverage self-attention maps from Stable Diffusion, as we
find it is effective at capturing fine-grained local informa-
tion. This locality-preserving characteristic is highly bene-
ficial for refining spatial details of patch-level segmentation.
Specifically, we first feed the image along with an empty
(null) textual prompt into Stable Diffusion, obtaining the
corresponding multi-head self-attention maps at the high-
est spatial resolutions. We denote the attention maps as
A,, € REXLXL where H represents the number of atten-
tion heads, and L indicates the spatial size of feature maps
in Stable Diffusion. Then, we fuse these attention maps A,,
by matrix chain multiplication across the attention heads,
which is formulated as

Ap = Apl0] X Ap[1] X - x Ap[H —1],  (6)

where A,,[i] means the i-th head self-attention map. After-
wards, we utilize the fused attention map Ay to refine the
upscaled coarse segmentation map .S, as

Sp=As xS, 7

Finally, we upscale Sy to the resolution of input image,
yielding the fine-grained pixel-level segmentation map.

4. Experiment

4.1. Experimental Setups

Datasets. We evaluate CLIPer on eight datasets: (1)
Considering the background category. We use PASCAL
VOC (VOC) [12], PASCAL Context (Context) [25], and
COCO Object (Object) [3]; (2) Without considering the
background category. We use PASCAL VOC (VOC20),
PASCAL Context (Context59), COCO-Stuff (Stuff) [3],
Cityscapes [9], and ADE20K (ADE) [51]. For performance
evaluation, we use the validation set from each dataset. In
addition, for weakly supervised semantic segmentation, we

evaluate the pseudo-mask generation performance on the
training sets of VOC and COCO datasets.

Metrics. We use mean Intersection over Union (mloU) to
evaluate segmentation, and adopt mAP, F1 score, Precision
(P), and Recall (R) to evaluate image-level classification.
Implementation details. We implement our method on a
single RTX 3090 with 24G memory. We employ ViT-B and
ViT-L as the backbones, and use Stable Diffusion V2.1 [29]
for fine-grained compensation. In the Stable Diffusion, we
extract the attention maps at time-step 45 in total of 50 steps.
We set text prompts including category descriptions similar
to SCLIP [36] and ProxyCLIP [15]. We resize all the in-
put images to a shorter side of 336 pixels while maintaining
the original aspect ratio, similar to ProxyCLIP [15]. We di-
rectly feed the entire image into the CLIP image encoder for
efficiency, and also report the results using a sliding window
strategy similar to [52], [36], [16] and [15].

4.2. Comparison With Other Methods

On mloU. Table | compares our method with some state-
of-the-art methods on various datasets. Our method al-
most achieves the best averaged performance on all these
datasets when using both ViT-B and ViT-L backbones. For
instance, on VOC with the ViT-L backbone, SCLIP [36]
has the mIoU score of 43.5%, ProxyCLIP [15] has the
mloU score of 60.6%, while our method achieves the mloU
score of 69.8% without sliding-window strategy. Namely,
our method outperforms SCLIP and ProxyCLIP by 26.3%
and 9.2% on VOC. On ADE with the ViT-L backbone,
ClearCLIP [16] and ProxyCLIP achieve the mloU scores
of 15.0% and 22.6%, while our method achieves the mloU
score of 24.4%. Namely, our method has the improvements
0of 9.4% and 1.8% on ADE. With sliding-window inference,
it has better performance.

On category classification and mask prediction. Open-
vocabulary semantic segmentation can be viewed as two
aspects: category classification and mask prediction. To
deeply show the advantage of our proposed method on these
two aspects, we provide more comparisons with other meth-
ods via two experiments. (i) We present image-level preci-
sion (P) and recall (R) comparison to show the advantages
of identifying the categories within image. (i) We com-
pare the segmentation accuracy when giving image-level
category labels, demonstrating the advantages of mask pre-
diction. Weakly supervised semantic segmentation aims
to train the model based on image-level category labels of
training set. By comparing our method with weakly su-
pervised approaches, it can demonstrate the benefits of our
method in mask prediction.

In Table 2, we calculate image-level classification scores
for all methods, and report mAP, F1, P, and R. Our method
achieves best performance on all these metrics. We also
observe similar improvement with ViT-B. It demonstrates
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Type Method ‘ Encoder | VOC Context Object | VOC20 Context59 Stuff Cityscapes ADE | Avg.
SegCLIP [24] ViT-B/16 | 52.6 24.7 26.5 - - - - - -
ViewCo [28] VIT-S/16 | 52.4 23.0 23.5 - - - - - -
Training-based OVSegmentor [46] Vi.T—B/ 16 | 53.8 20.4 25.1 - - - - - -
(weakly-supervised) CoCu [44] ViT-S/16 | 51.4 23.6 22.7 - - 15.2 22.1 12.3 -
GroupViT [45] ViT-S/16 | 50.4 18.7 27.5 79.7 23.4 15.3 11.1 9.2 | 294
TCL [5] ViT-B/16 | 51.2 243 30.4 77.5 30.3 19.6 23.1 149 | 339
CLIP-DINOiser [40] | ViT-B/16 | 62.2 324 35.0 80.9 35.9 24.6 31.7 20.0 | 40.3
CLIP* [26] ViT-B/16 | 16.4 8.4 5.6 419 9.2 4.4 5.5 29 | 11.8
CLIPSurgery [19] ViT-B/16 - 29.3 - - - 21.9 31.4 - -
MaskCLIP* [52] ViT-B/16 | 38.8 23.6 20.6 74.9 26.4 16.4 12.6 9.8 | 279
SCLIP# [36] ViT-B/16 | 59.1 30.4 30.5 80.4 34.2 22.4 32.2 16.1 | 382
ClearCLIP? [16] ViT-B/16 | 51.8 32.6 33.0 80.9 359 23.9 30.0 16.7 | 38.1
ProxyCLIP? [15] ViT-B/16 | 61.3 353 37.5 80.3 39.1 26.5 38.1 202 | 423
CLIPer (Ours) ViT-B/16 | 65.9 37.6 39.0 85.2 41.7 27.5 38.3 214 | 44.4
CLIPer! (Ours) ViT-B/16 | 66.5 38.3 40.0 86.0 42.4 28.6 38.7 22,0 | 453
Training-free CLIP! [26] ViT-L/14 | 8.2 4.1 2.7 15.6 4.4 2.4 2.5 1.7 5.2
MaskCLIP¥ [52] ViT-L/14 | 23.3 11.7 7.2 29.4 12.4 8.8 11.5 72 | 139
SCLIP* [36] VIiT-L/14 | 43.5 22.3 25.0 69.1 252 17.6 18.6 109 | 29.0
ClearCLIP! [16] ViT-L/14 | 46.1 26.7 30.1 80.0 29.6 19.9 27.9 150 | 34.4
CaR [35] ViT-L/14 | 67.6 30.5 36.6 91.4 39.5 - - 17.7 -
ProxyCLIP? [15] VIiT-L/14 | 60.6 34.5 39.2 83.2 37.7 25.6 40.1 226 | 429
ProxyCLIP? [15] ViT-H/14 | 65.0 35.4 38.6 83.3 39.6 26.8 42.0 242 | 44.4
CLIPer (Ours) VIiT-L/14 | 69.8 38.0 433 90.0 43.6 28.7 41.6 244 | 4713
CLIPer! (Ours) VIiT-L/14 | 72.2 39.5 44.7 89.8 44.6 30.4 4.5 25.0 | 48.6

Table 1. Comparison with existing open-vocabulary segmentation methods. For training-free approaches, I denotes using sliding-
window inference. Among training-free approaches, our method, even without sliding-window inference, has best averaged performance.

| | voC | Context | Object
Method | Brcoder AP R P R | mAP  FI P R | mAP  FI P R
MaskCLIP[52] | VIT-L/14 | 873 632 563 721 | 586 489 485 493 | 674 482 476 524
SCLIP [36] VITL/14 | 926 773 855 705 | 6.1 548 619 491 | 744 566  66.6 492
ClearCLIP[16] | ViTL/14 | 917 761 857 685 | 60.9 549 528 572 | 734 535 613 475
ProxyCLIP[15] | ViT-L/14 | 940 776 845 717 | 641 561 537 588 | 777 605 682 543
CLIPer (Ours) | ViT-L/14 | 946 860 867 853 | 689 633 634 643 | 779 623 697 563

Table 2. Comparison of image-level category classification capability with existing methods. We calculate classification scores of
different categories by max-pooling segmentation maps, and then calculates the results of mAP, F1, Precision (P), and Recall (R). Our
method achieves best results across all datasets, demonstrating its superior performance on category classification.

that, our method performs better on category classification,
which is useful for open-vocabulary semantic segmentation.

Table 3 further compares our method with weakly super-
vised semantic segmentation approaches for pseudo mask
generation, where image-level category labels are given.
Compared to these approaches, our method achieves best
performance. For instance, our method outperforms CLIP-
ES [21] and iSeg [34] by 6.1% and 1.7%. It demonstrates
that, our method can improve mask prediction, which is im-
portant for open-vocabulary semantic segmentation.
Inference time. Table 4 compares inference time and ac-
curacy. We present various versions to accommodate dif-
ferent needs. Compared to ClearCLIP [16], our CLIPer*
(w/o fine-grained compensation) has faster speed and higher
mloU. Compared to ProxyCLIP [15], our CLIPer* has
faster speed and comparable mloU. Our CLIPer with fine-
grained compensation further improves CLIPer*.

Qualitative results. Fig. 5 presents some examples of qual-
itative comparison on VOC, Context, and Object. Our pro-
posed method has more accurate segmentation maps and
precise classification, compared to these methods [10, 15,
16]. For instance, our method has finer segmentation on bi-
cycle and correct classification of person in second column,
and accurate segmentation on sofa in fifth column.

4.3. Ablation Study

Impact of different modules. Table 5 presents the re-
sults of integrating different modules. The baseline replaces
the original self-attention map at last layer with value-to-
value attention map, and removes the feed-forward network
(FFN) and residual connection. The baseline achieves the
mloU scores of 51.2%, 26.5%, and 32.3% on VOC, Con-
text, and Object. When adding early-layer fusion (ELF)
module, it has the mIoU scores of 61.2%, 34.3%, and 39.6%
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Type | Method | voc COCo
IRN [1] 66.5 42.4
AdvCAM [17] 55.6 35.8

Training-based MCTformer [48] 61.7 -
ToCo [30] 72.2 -
CLIMS [43] 56.6 -
CLIP-ES [21] 70.8 39.7
DiffSegmenter [39] 70.5 -

Training-free T2M [41] 72.7 437
iSeg [34] 75.2 45.5
CLIPer (Ours) 76.9 47.3

Table 3. Comparison with weakly supervised semantic seg-
mentation approaches. Both our method and these weakly super-
vised approaches predict pseudo masks according to given image-
level category labels. Our CLIPer achieves the best results, show-
ing that our method has better results on mask prediction.

Method ‘ Encoder ‘ Input size ‘ Time(ms) | mloU 1
ClearCLIP [16] | VIT-B/16 | ~ 448 x 624 22 51.8
ProxyCLIP! [15] | VIT-B/16 | ~ 336 x 468 82 61.3
CLIPer* (Ours) | ViT-B/16 | ~ 336 x 468 14 60.1
CLIPer (Ours) | ViT-B/16 | ~ 336 x 468 158 65.9
CLIPer? (Ours) | VIT-B/16 | ~ 336 x 468 186 66.5
ClearCLIP} [16] | VIT-L/14 | ~ 448 x 624 68 46.1
ProxyCLIP! [15] | VIT-L/14 | ~ 336 x 468 105 60.6
CLIPer* (Ours) | ViT-L/14 | ~ 336 x 468 47 61.2
CLIPer (Ours) | ViT-L/14 | ~ 336 x 468 192 69.8
CLIPer? (Ours) | ViT-L/14 | ~ 336 x 468 257 72.2

Table 4. Comparison in terms of mIoU and inference time
on VOC. * denotes not using fine-grained compensation, and
denotes sliding-window inference. Our CLIPer* has the fastest
speed, while our CLIPer and CLIPer* has the best performance.

ELF FGC | voC Context Object
X X 512 26.5 323
v X 61.2 343 39.6
X v/ 62.8 29.7 36.4
v/ v/ 69.8 38.0 433

Table 5. Ablation study of different modules in our CLIPer.
ELF represents early-layer fusion, and FGC represents fine-
grained compensation. Our proposed modules can significantly
improve the performance of the baseline.

on VOC, Context, and Object, outperforming the baseline
by 10.0%, 7.8%, 7.3%. When only using fine-grained com-
pensation (FGC) module, it outperforms the baseline by
11.6%, 3.2%, 4.1%. When integrating the EFL. and FGC
modules together, it totally has the improvements of 18.6%,
11.5%, and 11.0% on three datasets, respectively. This sig-
nificantly demonstrates that, our proposed modules can im-
prove open-vocabulary segmentation performance.

Effect of early-layer fusion. Table 6 compares our early-
layer fusion with some self-self attention operations. Our
early-layer fusion module fuses both the patch embeddings
of early layers and the attention maps of early layers. In the

VOC Context Ob_ject

Figure 5. Qualitative comparison with existing methods. We
show the segmentation results on three different datasets. Com-
pared to these methods, our method has more accurate segmenta-
tion results which are closer to the ground-truths.

Attention Type ‘ Early-layer Embeddings ‘ VOC Context Object

50.1 225 28.7
448 254 27.0
512 265 32.3
40.1 220 25.7
586 33.1 38.4

557 269 32.0
532 295 33.1
548 294 34.4
433 248 27.8
61.2 343 39.6

Query-query
Key-key
Value-value

Identity matrix
Early-layer attention

Query-query
Key-key
Value-value

Identity matrix
Early-layer attention

NSNS > % % %%

Table 6. Impact of different designs in our early-layer fusion.
Our early-layer fusion contains fusing the embeddings and atten-
tion maps. In the top part, we compare our fused attention with
some self-self attention operations. In the bottom part, we feed the
early-layer embeddings to the attention map at last layer.

top part, we compare our early-layer fused attention with
these self-self attention operations, which all take the em-
beddings at last layer as input. Compared to these self-self
attention operations, our early-layer fused attention has the
best performance. For instance, on VOC, Context, and Ob-
ject, the query-query attention achieves the mloU scores of
50.1%, 22.5%, and 28.7%, while our early-layer fused at-
tention has the mloU scores of 58.6%, 33.1%, and 38.4%.
Namely, our early-layer fused attention outperforms query-
query attention by 8.5%, 10.6%, and 9.7%, respectively.
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Type | voc Context Object
Single 65.3 36.1 41.2
Mean 64.9 36.1 41.0
Multiplication 69.8 38.0 433

Table 7. Comparison of different strategies using the multi-
head attention maps in Stable Diffusion. Single represents that,
we evaluate each single head and report the best-performing head.
Mean represents that, we average multi-head attention maps, and
multiplication presents that, we perform matrix multiplication to
fuse multi-head attention maps.

Strategy ‘ VOC Context Object
Our ELF (i.e., CLIPer*) 61.2 34.3 39.6
With attention from DINO 68.2 35.8 41.9

With attention from diffusion model | 69.8 38.0 43.3

Table 8. Comparison with proxy attention. We replace diffusion
model with proxy attention in our FGC.

In bottom part, we show the impact of feeding early-
layer embeddings to last layer. When integrating early-layer
embeddings into early-layer attention, it has the improve-
ments of 2.6%, 1.2%, and 1.2% on VOC, Context, and Ob-
ject, respectively. We observe that, using early-layer em-
beddings can also improve the performance of existing self-
self attention operations. For instance, when combing it
with value-value attention, it has the improvements of 3.6%,
2.9%, and 2.1% on VOC, Context, and Object, respectively.
Effect of fine-grained compensation. Table 7 presents dif-
ferent strategies to fuse multi-head attention maps in Stable
Diffusion (SD), including a single head (Single), averaging
all heads (Mean), and combining all heads with matrix mul-
tiplication (multiplication). Compared to the baseline, all
three strategies can improve the performance, demonstrat-
ing that the attention maps in SD can improve CLIP-based
segmentation. Among these strategies, matrix multiplica-
tion has best performance, which is adopted as final setting.

Table 8 shows the effect of compensating with different
models. The more detailed comparison can be found in sup-
plementary materials. Both DINO and diffusion model can
improve segmentation, while diffusion model achieves bet-
ter performance. The reason is that, diffusion model mainly
focuses on image generation, naturally performing better in
dealing with local details via large-scale pre-training.
Qualitative comparison. Fig. 6 shows some examples
before and after fine-grained compensation. Before fine-
grained compensation, the attention maps in (b) provide
coarse spatial structure information of objects. By using our
fine-grained compensation, the attention maps in (c) pro-
vide more accurate responses around object contour. As a
result, compared to that in (d), using our fine-grained com-
pensation has more accurate segmentation maps in (e). It
demonstrates that, our fine-grained compensation can im-
prove local details of coarse segmentation maps.

Figure 6. Visualization of fine-grained compensation. Given
the input images in the top, we present the attention maps before
and after fine-grained compensation in (a) and (b), show the binary
segmentation maps in (c) and (d). We also present the ground-truth
segmentation maps in (e).

5. Conclusion

This paper presents CLIPer, a novel training-free method
to hierarchically improve the spatial representation of CLIP
for open-vocabulary semantic segmentation. To achieve this
goal, we design two components, including early-layer fu-
sion and fine-grained compensation. The early-layer fusion
aims to improve spatial coherence of output patch embed-
dings by using the early-layer information of patch embed-
dings and attention maps. The fine-grained compensation
module employs the fine attention maps of diffusion model
to further improve local details of segmentation maps. Our
method achieves superior performance on various public
datasets. However, we still observe that, our method strug-
gles from accurately segmenting the tiny objects. In future,
we will explore how to adapt the pre-trained model with
high-resolution input for improving tiny object segmenta-
tion. In addition, the frozen Stable Diffusion pretrained
on image-level image-text pairs could be used for improv-
ing segmentation, suggesting that it is promising to explore
better image-text pretraining strategy especially for high-
quality open-vocabulary segmentation.
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