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ABSTRACT

Vision-language models have shown remarkable performance in various fields,
ranging from zero-shot classification to captioning and prompt-based image gen-
eration. But so far, those models do not seem able to localize referential expres-
sions and objects in images, with the result that they are only used as a post-
process labeling step or that they need to be fine-tuned for this task. The follow-
ing work, we show that vision-language (VL) models trained with image-level
objectives hold object localization properties. We propose a Grounding Every-
thing Model (GEM) that allows to leverage these properties without retraining or
fine-tuning the pretrained model. To this end, we extend the idea of v-v attention
introduced by CLIPSurgery (Li et al., 2023b) to a generalized self-self attention
path and propose a set of regularizations that allows the model to better general-
ize across datasets and backbones. We further show how the concept of self-self
attention corresponds to clustering, thus enforcing groups of tokens arising from
the same object to be similar while preserving the alignment with the language
space. We evaluate the proposed GEM framework on three benchmark datasets
and improve the performance in training-free open-vocabulary localization.

1 INTRODUCTION

The recent availability of web-scaled datasets (Schuhmann et al.| 2022; |Gadre et al., 2023) fostered
significant progress in vision-language models, enabling training on vast image-text pair datasets.
These models (Radford et al., 2021} Jia et al., [2021} L1 et al.| [2022a} 2019), exhibit the ability to
generalize to various downstream tasks like zero-shot image classification (Radford et al., [2021}; |Jia
et al., 2021} (Cherti et al., 2023)), visual question answering (Khan et al.| [2022), action recognition
(Yuan et al., 2021} |Yu et al |2022)), image captioning (L1 et al., [2022a} [2019), and view synthe-
sis (Jain et al 2021). However, models trained with image-level objectives such as contrastive
loss, image-text matching, or image captioning struggle to maintain their zero-shot capabilities for
tasks requiring visual localization. In order to leverage VL models to localize objects in an open-
vocabulary setting, different streams of approaches have been proposed. The first line of work uses
pretrained VL models for post-process labeling after the localization resp. segmentation such as
RegionCLIP (Zhong et al., 2022) or Semantic-SAM (Li et al.|, [2023a))). In this case, the localization
process is independent of the actual referential expression. A second line of work retrains the VL
models to improve localization, e.g. PACL (Mukhoti et al.| [2023) or GroupViT Xu et al.|(2022).
In contrast to that, a third group recently started to explore the inherent localization capabilities of
models trained on global objectives without the need for architectural modifications or retraining,
namely MaskCLIP (Zhou et al., 2022), MaskCLIP(?) (Dong et al.,[2023)), and CLIPSurgery (Li et al.,
2023b). In particular, CLIPSurgery extends the pretrained ViT backbone of the CLIP model by a
so-called “surgery pathway” which accumulates the value-value attentions of the original backbone
over several layers. This tends to produce spatial groups of tokens related to individual objects in the
last layer, which are also aligned to the vision language space. While the introduction of the surgery
pathway shows a significant performance increase compared to the original CLIP performance, it is
not clear how this mechanism impacts the overall processing to achieve the respective results. In this
paper, we analyze the properties of VL transformer models that result in the characteristics observed
for CLIP surgery and propose to enforce them within a generalized self-self attention architecture.
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Figure 1: Grounding Everything Model architecture: (left) Illustration of the proposed generalized self-self
attention block including iteration and L? normalization N. The output of each q-q, k-k, and v-v projection is
ensembled before applying the skip connection. (right) The output of self-self attention blocks is aggregated in
parallel to the vision transformer in an alternative pathway. The segmentation prediction is obtained by the dot
product between the patch token output of the GEM and the text embedding of the text encoder.

First, we show that the v-v attention proposed by [Li et al.| (2023b)) can be generalized to a self-self
attention, as any k-k, gq-q, or v-v representations show similar characteristics. Practically, it shows
that any form of self-self attention increases similarity among groups of similar tokens, compared to
the standard g-k attention. To control the process of group formation, we propose a set of regular-
izations, namely the L? normalization of the projected vectors, the iteration over self-self attention,
as well as an adaptive temperature. Finally, we ensemble over all possible self-self attention types
to allow for an integration of all cues. An overview of the resulting Grounding Everything Model
(GEM) architecture is given in Figure

We evaluate the proposed method on three challenging downstream datasets, PascalVOC (Evering-
ham et al., |2010), PascalContext (Mottaghi et al.,|2014), as well as on the large-scale Openlmages
V7 (Benenson & Ferraril, 2022)). In all cases, we show improved results over previous training-free
methods (Li et al., [2023b; Zhou et al.| [2022) and even competitive results in comparison to other
approaches that require some form of fine-tuning (Xu et al., |2022; 2023; [Luo et al., 2023). We
further evaluate the method on different ViT architectures (Dosovitskiy et al., [2021), showing its
generalizability across different depths, as well as on various publicly available VL models beyond
CLIP, such as OpenCLIP (Cherti et al.,[2023)), and BLIP (Li et al., |[2022a)).

We summarize our contributions as follows: (1) Inspired by Li et al.|(2023b)), we propose a self-self
attention pipeline for open-vocabulary referential expression localization and segmentation based on
pretrained vision-language models. (2) We propose the Grounding Everything Model (GEM) as a
combination of self-self attention together with a set of regularizations that allows to generalize over
arange of VL models and datasets. (3) We provide an in-depth analysis of the properties of self-self
attention and how they lead to an improved localization in pretrained ViT transformer models.

2 RELATED WORKS

The success of large-scale VL models like CLIP has sparked the interest to leverage their abilities
for tasks like open-vocabulary object localization. Given the lack of localization properties of VL.
models, one line of approaches uses them as a form of post-process labeling after an initial localiza-
tion step. For example, RegionCLIP (Zhong et al., [2022) uses a supervised bounding box proposal
(Ren et al.; 2015)) to localize objects and utilizes CLIP to classify them. Similarly, OpenSeg (Ghiasi
et al.l 2022)) leverages ALIGN (Jia et al.| 2021) by fine-tuning it using class-agnostic masks and
image-text pair data, while NamedMask (Shin et al., 2023) relies on an unsupervised saliency de-
tector for the localization. By relying on an external model not trained on a web-scale dataset with
a large vocabulary, the localization performance is capped by the quality of that model. Another
line of work leverages various sources of region-level supervision such as masks or bounding boxes
available for different vision tasks. For example, X-Decoder (Zou et al., 2023a)) uses all types of
image segmentation annotation (semantic, instance, and panoptic), as well as curated datasets for
VQA and image captioning. SEEM (Zou et al., 2023b) further includes interactive segmentation.
GLIP (Li et al.L 2022b; [Zhang et al.| 2022) is trained based on a combination of object detection and
grounding datasets. Other examples include Grounding DINO (Liu et al.,2023)), Semantic-SAM (Li
et al., 2023a) and OpenSeeD (Zhang et al., 2023). Combining the supervision from various tasks
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allows these models to be trained on millions of samples with fine-grained supervision and thus
achieving high performance for a large set of tasks. However, relying on region-level annotated data
makes this approach difficult to scale and limits its usage in domains where such annotations are
expensive to obtain (Blumenstiel et al.| 2023).

Alternatively, some works propose to adapt the VL model architecture and training process to favor
the emergence of localization. SegCLIP (Luo et al.l |2023) and GroupViT (Xu et al.| 2022) mod-
ify the ViT architecture by interleaving regular transformer blocks with grouping blocks that allow
the grouping of semantically similar tokens into learnable group tokens used to compute the con-
trastive loss with the text. Similarly, ViL-Seg (Liu et al.,[2022) and OVSegmentor (Xu et al., [2023)
respectively use online clustering and Slot Attention (Locatello et al.| 2020) for grouping visual
features into semantically coherent clusters and in addition exploit self-supervision for refinement.
Alternatively, ReCo (Liu et al.} [2021) leverages a retrieval process to obtain finer supervision and
PACL (Mukhoti et al., 2023) trains a decoder on top of CLIP with a grounding loss. While these
methods use image-caption pairs as supervision, they require heavy filtering of the dataset, like ex-
tracting common nouns, which makes the dataset lose its free-form text characteristic. Thus, such
approaches do not fully benefit from the VL models’ large-scale characteristics.

Some methods refrain from training and instead adopt the pretrained VL model to make them work
on fine-grained localization tasks. MaskCLIP (Zhou et al.,|2022) proposes to discard the last MLP
of the vision transformer and use the last value projection to extract dense patch-level features.
CLIPSurgery (Li et al., 2023b) builds upon that and proposes to introduce a new pathway, computed
in parallel to the vision encoder. We discuss both methods in detail in the following section.

3 BACKGROUND: CLIP SURGERY

In this section, we review MaskCLIP (Zhou et al., 2022) and CLIP Surgery (CS) (Li et al., |2023b),
two extensions of the CLIP vision-language model.MaskCLIP (Zhou et al.,2022)) proposes discard-
ing the last Multi-Layer Perceptron (MLP) of the vision transformer and to utilize the final value
projection to extract dense patch-level features. Building upon this concept, CLIPSurgery (Li et al.,
2023b) introduces a novel pathway called the “surgery pathway” that operates in parallel with the
original vision encoder. The surgery pathway in CLIPSurgery is an extension of the original Vision
Transformer (ViT) backbone of the CLIP model. It employs value-value attention defined as:

Attn,, = softmax(V - VT), O, = Attng, -V (1

with V' = zW, € R™*4, with z representing the patch tokens output by a ViT layer, n represent
the number and d the dimension of tokens, respectively, and W, is the learned value weight matrix
of the original ViT backbone, and O, is the output of the value-value surgery block. The output
of multiple layers is aggregated via residual connection, resulting in a second set of tokens. Note
that the value-value attention is directly used without a subsequent MLP and can be aggregated over
several layers. To localize an object based on an input label or referential expression, the distance is
computed between the token output of the last layer and the respective text embedding.

4 GROUND EVERYTHING THROUGH SELF-SELF ATTENTION

In the following, we introduce the Ground Everything Model (GEM) by first generalizing the con-
cept of value-value attention (Li et al.l [2023b) to a broader set of projections as self-self-attention
and introduce an iterative extension that, together with a temperature regularizer, allows to control
the formation of groups of visual features. Second, we consider the connection of the proposed self-
self attention (and also CLIPSurgery’s value-value attention) to clustering, showing in simulations
that it can act as a form of clustering.

4.1 GEM: GROUNDING EVERYTHING MODEL

Self-Self Attention: We first review the concept of value-value attention, showing that, while it
allows connecting features from the same semantic region, the same properties can be observed for
key-key or query-query projections. We verify this idea by replacing the value projection by either
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the query or the key projection taken from the original pathway. Table [I] shows that the query-
query and key-key attention leads to the same or improved performance. We, therefore, introduce a
generalized self-self attention as extension of the value-value attention as:

Attngs = softmax(xWpre; - (memj)T), Ogs = Attngs -V 2)

with z € R™*? again representing the patch tokens output by a ViT layer, and Wyro; being a
projection matrix of the respective ViT layer W,,; € {W,, W, W;}. Compared to regular self-
attention (gk-attention), self-self-attention increases the similarity of already similar patch tokens,
thus leading to cluster formation (see Section 4.2).

Normalization: In the self-self attention setting, projected tokens with high norms might dispropor-
tionately influence other tokens, regardless of their similarity with other visual tokens. We therefore
propose an L2-normalization for each projected token before computing self-self attention. This
normalization improves the group formation and thus the localization as shown in Table([T]

Iterative Self-Self Attention: We iteratively apply the proposed normalized self-self attention to
facilitate the gradual refinement of the cluster formation of semantically related visual tokens. More
formally, given input visual tokens denoted as z € R"*< and a projection matrix W,.,; € R?*4,
the k-th iteration of our iterative-self-self attention can be described as:

0 2Wproj

pk/ e Woroglls

P =softmax(p® ' (p*~1)") p (3)
k _ pk/

P = A

After K iterations of self-self attention, the output (for the Wp,,; projection), denoted Oy, is ob-
tained by applying the assignment to the values since they are trained to carry semantic information:

Oss = softmazx(p® - (pf)T) -V €]

Adaptive Temperature: We can further guide the cluster formation by introducing a temperature 7
in the softmax formulation as:

®)

softmaz,(a);; =

Assuming a zero-shot setting without access to labeled training or validation data, we aim to fix
the temperature for the self-self attention so that it performs well without requiring hyperparameter
tuning. Therefore, we propose an adaptive temperature using the average norm of the visual tokens

before projection times the temperature originally used to train ViT: 7 = % Further details
on temperature ablation are available in Section[6.4]
gkv-Ensemble: We finally ensemble the iterative self-self attention applied to the query, key, and

value projection to get a good performance trade-off between the different projections. The output
Ogkv of the proposed gkv-ensemble attention is formally described as follows:

(qu + Opr + Ovv)
3
where Ogq, Ok, Oy, are the outputs based on the respective projection matrices Wy, Wy, W,,. Table

demonstrates the improvement achieved by applying normalization as well as ensembling over all
p Y applying g
possible projections.

quv = (6)

4.2 SELF-SELF ATTENTION FOR CLUSTERING

Practically, self-self-attention calculates the similarity between each visual token and every other
visual token. These similarities are then employed as weights in a weighted sum operation used
to update the tokens. As a result, tokens are updated with a weighted sum of tokens, with more
weight on more similar tokens, which may result in a respective mean representation corresponding
to a cluster center. To validate this assumption, we conducted a simulation based on a set of 20 d-
dimensional random Gaussian vectors representing the input token = and a random linear projection
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7=0.10 7=0.13 7=0.18

Projection Norm. VOC Context Method K iter VOC Context
CLIP - 10.4 7.7 CLIP - - 104 7.7
value 419 305 2 - 429 274
3 44.1 30.0
key 43.9 31.0
Kmeans 5 435 31.0
query 43.8 30.8
akv 51 307 7 43.4 311
- : 10 429 30.9
value v 444 31.9 GEM 0 51 315
key v 44.8 32.0 "
GEM 1 455 32.6 2
query v 44.7 31.5 o
K /451 33 GEM 2 462 319 g
axv : o0 GEM 3456 311 N

Table 1: mloU for v-v, k-k, and Table 2: Comparison of using

q-q attention and gkv ensemble g o0nc inctead of the self-self- Figure 2: Comparison of self-self at-

on Pas.calVOC 'f’md Pasgalcon' attention in the GEM architec- tention with Kmeans clustering on 20
text with and without L°-Norm . vectors.

and adaptive temperature.

as Wy,oj. We iteratively apply the proposed self-self-attention on the 20 vectors, including normal-
ization and with different temperature parameters. As shown in Figure 2] this process leads to a
clustering of the 20 vectors using self-self attention. Moreover, it shows that high temperature, as
well as more iterations, lead to few large clusters, while fewer iterations and a lower temperature en-
force more and smaller clusters, thus controlling the granularity of the clustering. To further validate
this assumption, we substitute the proposed self-self attention with an actual K-means clustering al-
gorithm in the GEM architecture (for implementation details see Appendix [A.T). Table[2] shows that
Kmeans provides an acceptable performance but also that self-self attention outperforms Kmeans.
We further analyze the impact of iteratively applying self-self attention. As shown in Figure[2] using
more iterations leads to fewer distinct clusters; this improves performance on simpler datasets such
as PascalVOC, while fewer iterations work better on more complex datasets such as PascalContext.
To allow generalizability, we fix the number of iterations to 1 unless stated otherwise.

5 ANALYSIS OF LOCALIZATION PROPERTIES

In the following, we examine the factors contributing to the localization performance of the proposed
method. We assume that for localization in VL models, two essential properties must be fulfilled:
visual distinctiveness, which refers to the meaningful grouping of visual feature representations,
and vision-language alignment, which entails the alignment of these groups with their respective
textual descriptions encoded by the language model. In the case of CLIP, vision-language alignment
translates to aligning patch tokens with the ViT [CLS] token, as the [CLS] token was trained to
correlate with text embeddings through contrastive learning.

5.1 VISUAL DISTINCTIVENESS

To capture the visual distinctiveness, we consider two metrics.

Patch-Patch Similarity. This captures the similarity among patches within each layer. We define
an overall path-patch similarity as .S, = m S -at.

J
v
i#]

An increase in path-patch similarity indicates a higher tendency for tokens to share similar char-

acteristics. However, high global path-patch similarity can indicate that all patch tokens are near-
identical, thus reducing localization effectiveness.

Object-Background Contrast. We, therefore, further consider the object-background contrast. A
critical characteristic of a model’s localization proficiency is the ability to ensure similarity among
patch tokens representing the same object while maintaining separation between those representing
distinct objects. This characteristic permits the formation of semantically coherent clusters within
the embedding space. To this end, we adapt the Michelson contrast to measure the contrast in the
similarity between foreground and background patch tokens. For this evaluation, we leverage the
segmentation masks of the training set of the PascalVOC dataset (Everingham et al., 2010). For a
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given segmentation mask M of an object, we first compute the overall inside-to-inside similarity

(noted S/ ;) and inside-to-outside (S},! ,,,,):
1 1
M ¥ M >
Sin,in = m(m — 1) £ COS(.Z‘i,.’L‘j)+, Szn out — m(n — m) . COS(LL'Z‘,LUk>+ (7)
i,5€M ieEM
i k¢M

Here, m = | M| is the area covered by the mask, and the positive part function is employed to clamp
negative similarities to zero, i.e. -+ = max(0,-). The object-background contrast (C*) for an
object mask M is then defined as:

M M
C]M Szn mn Szn out (8)
SJVI M
in,in in,out

We average across all the masks in the dataset: MC™M = 35 37,2\ OSM, with [ M| being the
total number of masks. Note that the ground truth masks are only used for analysis here.

5.2 VISION-LANGUAGE ALIGNMENT

Second, we consider the problem of vision-language alignment. Here, we aim to measure the con-
trast between the similarity of the text embedding representation of the class and the foreground
patch embeddings, compared to the similarity of the text embedding and the background patches.

Text-Object-Background contrast. Let p € R™*? be the patch token outputted by the vision
transformer, where n is the number of patches. For a segmentation mask M, the associated class
name is denoted as c(M), and we denote t.(ns) € R1*? the text embedding of that class. We

compute the overall text-object similarity (noted 7’ Sme obj) and text-background similarity (Smt bg):

, 1
hcf Jobj — Z COS c(M p7 a TSIZ.\/tIt,bg = m Z COS(tC(M)’pk)+ &)
zEM k¢gM

TSiqt.00; =T Stat.bg
TSM +TSM

txt,obj tat,bg

The text-object-background contrast for mask M is then defined as: TCM =

This metric is subsequently averaged across all masks in the dataset to derive the global text-object-
background contrast MTC' = 13 3=y pq TCV

A higher positive value for MT'C signifies that foreground patch embeddings are closer to their cor-
responding text embeddings than background patch embeddings. A negative value would indicate
an inverse relationship.

5.3 ANALYSIS

Figure [3]shows the results for the described metrics for CLIP, CLIPSurgery, and GEM for different
numbers of iterations. The observed increase in patch-patch similarity from CLIP to CLIPSurgery,
in figure is due to the clustering induced by the self-self attention. We contribute the slight
decrease for GEM to the added normalization and temperature. This is recovered by the higher
object-background contrast of GEM over CLIPSurgery and CLIP, pointing to the effective cluster-
ing of visual tokens and their ability to distinguish between distinct objects. Finally, the analysis of
text-object similarity demonstrates improved alignment between visual tokens and text embeddings,
enhancing vision-language integration. Notably, CLIP, while exhibiting similar levels of visual dis-
tinctiveness in terms of patch-patch similarity and object-background contrast, significantly lags
in terms of vision-language alignment, showing a negative text-object contrast, which means that
background patches tend to align more closely with object-class text embeddings. This aligns with
earlier findings in|Li et al.|(2023b)) and [Mukhoti et al.| (2023)).
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Figure 3: Metrics to analyze the localization properties of CLIP, CLIPSurgery, and our method GEM. Each
metric is computed on the training set of the PascalVOC dataset.

6 EVALUATION

6.1 SETUP

Datasets. The PascalVOC (Everingham et al., 2010) dataset provides segmentation masks for 20
classes in natural images, mainly focusing on common objects like cats, dogs, cars, and planes. A
typical image contains 1.5 classes on average. Following previous works (Li et al., [2023b)), (Zhou
et al} |2022), we evaluate on the validation set. The Pascal Context (Mottaghi et al.,[2014) dataset
extends Pascal VOC to 59 classes, supplemented by a background class. Compared to PascalVOC, it
provides dense annotations for the whole scene. We use the test set comprising of 5, 104 images.The
Openlmages-V7. (Benenson & Ferrari, 2022) dataset provides various annotations for a large set
of images with a diverse spectrum of objects and real-world scenarios. For the following evaluation,
we leverage the point-wise annotations of the validation set, with 36,702 images featuring 5,827
distinct class labels. For each image, a set of positive and negative point annotations is given. We
only consider the positive point annotations here.

Implementation. For all experiments, we use the original pretrained weights as provided by the
authors of the respective works, namely CLIP (Radford et al.,|2021)), OpenCLIP (Cherti et al.| [2023)),
an open-source replication of CLIP, and BLIP (Li et al.|[2022a)). We apply the GEM architecture with
the proposed adaptive temperature and one iteration for all datasets and models. We compute a dense
semantic segmentation prediction for each image as follows: For each patch we compute the cosine
similarity between the patch token of the vision encoder and the text embedding of the dataset class
names. We use the prompt 'a photo of a {class name}’ to receive the text embedding. Finally, we
upsample the predictions to the input image size via bilinear interpolation. When the input image is
larger than the one used during the VL model training, we adapt the learned positional embeddings
via bicubic interpolation. Note that we do not perform any retraining making our method essentially
training-free.

Evaluation. Following common practices, we report the mean Intersection over Union (mloU) for
all datasets. For open-vocabulary semantic segmentation, we follow (Xu et al.,|2022)) and resize each
input image to have a shorter side length of 448. For PascalVOC we predict only the foreground
classes and get the background by thresholding the softmax-normalized-similarity between the patch
tokens and the text embedding of each class using a fixed threshold of 0.8. For Pascal Context, we
follow common practices and evaluate only on the 59 foreground classes. For Openlmages-V7, for
each positive class in the image, we min-max normalize the prediction and use a fixed threshold of
0.5 to obtain the predicted mask. We follow the authors’ guidelines (Benenson & Ferrari, [2022) and
compute the IoU over the sets of positive and negative ground-truth points for all positive classes in
the respective image.

6.2 COMPARISON TO STATE-OF-THE-ART

We evaluate our approach against three groups of state-of-the-art methods in open-vocabulary seg-
mentation. First, we compare with methods that perform training-free zero-shot segmentation,
namely MaskCLIP, MaskCLIP(?), and CLIPSurgery.
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method encoder model dataset train mloU

pretraining annotation | free | VOC Context V7
SPNet (Xian et al.|[2019 ResNet101 scratch | COCO, VOC, Context SM X 15.67 4.07 -
ZS3Net (Bucher et al.[|2019 ResNet-101 scratch VOC, Context SM X 17.7 7.7f -
OpenSeg 1asi et al. ENet-B7+FPN | ALIGN COCO, Loc. Narr IT, UM X 72.2 48.2 -
MaskCLIP®] (Ding et al.{|2022 ViT-B/16 CLIP COCO SM X - 459 -
OVSeg (Liang et al.|[2023) ViT-B/16 CLIP COCO-Stuff-171 UM X 94.5 55.7 -
CLIP-ES (Lin et al.|2023) ResNet101 CLIP COCO-Stuff-171 1C X 75.0 - -
ViL-Seg (Liu et al.[[2022) ViT-B/16 scratch GCC T X | 3447 1637 -
GroupViT* ViT-S/16 scratch GCC+YFCC IT X 42.8 15.1 -
GroupViT | ViT-S/16 scratch GCC+YFCC IT X 52.3 224 -
OVSegmentor (Xu et al.[[202 ViT-B/16 DINO GCC 1T X 53.8 20.4 -
ViT-B/16 CLIP CC, COCOcap IT, IC X 52.6 247 -
. WIT-400M -

ViT-B/16 CLIP +CCI2M., YFCC IT X 72.3 50.1

ViT-B/16 scratch YFCC IT v - 17.2 -

ViT-B/16 CLIP WIT-400M 1T v 10.4 7.7 27.6

ViT-B/16 CLIP WIT-400M 1T v 28.6 23.8 42.0

ViT-B/16 CLIP WIT-400M IT v 41.2 30.5 47.8

ViT-B/16 CLIP WIT-400M 1T v 46.2 32.6 50.9

Table 3: Comparison to state-of-the-art methods: Models marked with T are evaluated under relaxed con-
straints, specifically on a subset of unseen classes. * signify our evaluation. We use the following short
form, GCC: Google Conceptual Captions 12M, YFCC: YFCC15M, COCO: COCO02017, RCOCO: RefCOCO,
RCOCO+: RefCOCO+, CC: Conceptual Captions, SBU: SBU Captions, VG: Visual Genome, COCOCap:
COCO Captions, VOC: PascalVOC, PCont: PascalContext and V7: OpenlmagesV7. SM: segmentation mask,
IT: image-text, IC: image caption, UM: unlabeled mask, IC: image classes.

Second, we report the performance of models trained ex-
plicitly for segmentation on image-caption pair annota-
tions, i.e., GroupViT (Xu et all 2022), OVSegmentor
2023). SceCLIP 3023). and ViL-
Seg 2022). Additionally, we consider PACL

(Mukhoti et all) [2023) in this group, which trains a de-
coder on top of CLIP using a loss designed for patch

grouping. Third, as an upper bound, we provide results
for methods trained with some form of labeling, e.g. seg-
mentation masks, such as OpenSeg (Ghiasi et al.| [2022),
CLIP-RIS (Yu et al} 2023), MaskCLIP®) (Ding et al.|
2022), and OVSeg (Liang et al [2023). We report the
mloU In Table[3] It shows that the proposed method con-
sistently outperforms all training-free approaches. It fur-
ther exhibits competitive performance compared to mod-
els tailored specifically for localization on the more com-
plex dataset PascalContext surpassing all other models Figure 4: Qualitative examples from the
except PACL. In Figure [d we present qualitative results OpenlmagesV7 dataset of GEM on ViT-
showcasing the efficacy of our methods (see Appendix B/16 on the CLIP backbone. Additional ex-
Mfor more qualitative examples). amples can be found in the appendix@

6.3 TEMPERATURE

Finally, we regard the impact of the adaptive temperature. Figure [5] provides an overview of the
segmentation performance of GEM-CLIP under varying temperature settings for self-self attention
for two different ViT sizes, namely ViT-B/16 and ViT-B/32, and two datasets, PascalVOC and Pas-
calContext. Specifically, we evaluate the performance using the proposed “adaptive temperature”
multiplied by a variable factor. We observe that, across different models and datasets, the highest
mloU is consistently achieved when the varying temperature is equal to 1, indicating the effective-

ness of our proposed heuristic outlined in Sectionlaé—l} e, 7= % This result underscores the

robustness and generalizability across various models, as it adapts to the specific characteristics of
the input vector, dependent on the model employed.
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Figure 5: Evaluation of localization performance for CLIP ViT-B/16 (left) and ViT-B/32 (right) for the Pas-
calVOC and PascalContext dataset with normalization and adaptive temperature as well as without. It shows

that the results peak at the proposed temperature (1).

6.4 ARCHITECTURE AND MODEL SIZE

We further extend our analysis beyond the ViT-
B/16 model to explore the generalizability of
our findings across various sizes of CLIP, in-
cluding ViT-B/32 and ViT-L/14, as well as to
other VL backbones, specifically OpenCLIP,
BLIP, and CLIPA. OpenCLIP, as an open-
source replication of CLIP, thus to investigate
the generality on an architecture closed to CLIP,
while BLIP is trained with a multi-task objec-
tive, and, different from CLIP and OpenCLIP,
encompassing image-text matching, image cap-
tioning, and image-text contrast. Table ] shows
the results for the VL models and different
backbones. It shows that the GEM method
consistently improves localization performance
across all model sizes. As expected, for a fixed
ViT-B size, increasing the patch size from 16
to 32 reduces the performance slightly. We fur-
ther observe that larger ViT-L encoders do not
yield better localization performance. Specifi-
cally, GEM-ViT-B/16 consistently outperforms
its larger counterparts GEM-ViT-L/14. Finally,
BLIP, as the only model trained with multi-
objectives, tends to perform less in localization
than models trained solely with an image-text
contrastive loss.

7 DISCUSSION

Backbone Model GEM | VOC Context V7
CLIP X | 104 77 276

. OpenCLIP X | 136 75 263
ViT-B/16 BLIP X 44 3.1 294
CLIP v | 462 326 509

OpenCLIP v | 431 317 499

BLIP v | 428 235 452

CLIP X 18 33 281

. OpenCLIP X 9.5 54 27.3
VITB32 | o p v | 405 270 466
OpenCLIP v | 393 239 455

CLIP X 41 38 291

. OpenCLIP X 6.6 29 270
VIT-L/14 BLIP X 72 36 297
CLIP v | 46 286 463

OpenCLIP v | 400 275 424

BLIP Vo321 214 449

Table 4: Evaluation of the GEM architecture on vari-
ous pretrained VL backbones. It shows that the method
improves across all backbones and architectures with
better performance for backbones trained image-text
contrastive loss only (CLIP, OpenCLIP) as well as for
smaller patch size (ViT-B/16 compared to Vit-B/32) and
architecture (ViT-B compared to ViT-L).

In this work, we introduce the Grounding Everything Model, leveraging the latent localization ca-
pabilities of VL models trained on web-scale datasets. We propose a self-self attention pipeline
for extracting localization information from VL models, complemented by a set of regularizations
to ensure generalizability across diverse VL models and datasets. GEM effectively enables open-
vocabulary localization without the need for additional training.



Under review as a conference paper at ICLR 2023

REFERENCES

Rodrigo Benenson and Vittorio Ferrari. From colouring-in to pointillism: revisiting semantic seg-
mentation supervision. arXiv preprint arXiv:2210.14142, 2022.

Benedikt Blumenstiel, Johannes Jakubik, Hilde Kiihne, and Michael Vossing. What a mess: Multi-
domain evaluation of zero-shot semantic segmentation. arXiv preprint arXiv:2306.15521, 2023.

Maxime Bucher, Tuan-Hung Vu, Matthieu Cord, and Patrick Pérez. Zero-shot semantic segmenta-
tion. NeurIPS, 2019.

Mehdi Cherti, Romain Beaumont, Ross Wightman, Mitchell Wortsman, Gabriel Ilharco, Cade Gor-
don, Christoph Schuhmann, Ludwig Schmidt, and Jenia Jitsev. Reproducible scaling laws for
contrastive language-image learning. In CVPR, 2023.

Zheng Ding, Jieke Wang, and Zhuowen Tu. Open-vocabulary panoptic segmentation with maskclip.
2022.

Xiaoyi Dong, Jianmin Bao, Yinglin Zheng, Ting Zhang, Dongdong Chen, Hao Yang, Ming Zeng,
Weiming Zhang, Lu Yuan, Dong Chen, Fang Wen, and Nenghai Yu. Maskclip: Masked self-
distillation advances contrastive language-image pretraining. In CVPR, 2023.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszko-
reit, and Neil Houlsby. An image is worth 16x16 words: Transformers for image recognition at
scale. In ICLR, 2021.

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. ICCV, 2010.

Samir Yitzhak Gadre, Gabriel Ilharco, Alex Fang, Jonathan Hayase, Georgios Smyrnis, Thao
Nguyen, Ryan Marten, Mitchell Wortsman, Dhruba Ghosh, Jieyu Zhang, et al. Datacomp: In
search of the next generation of multimodal datasets. arXiv preprint arXiv:2304.14108, 2023.

Golnaz Ghiasi, Xiuye Gu, Yin Cui, and Tsung-Yi Lin. Scaling open-vocabulary image segmentation
with image-level labels. In ECCV, 2022.

Ajay Jain, Matthew Tancik, and Pieter Abbeel. Putting nerf on a diet: Semantically consistent
few-shot view synthesis. In /CCV, 2021.

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh, Hieu Pham, Quoc Le, Yun-Hsuan
Sung, Zhen Li, and Tom Duerig. Scaling up visual and vision-language representation learning
with noisy text supervision. In ICML, 2021.

Aisha Urooj Khan, Hilde Kuehne, Chuang Gan, Niels Da Vitoria Lobo, and Mubarak Shah. Weakly
supervised grounding for vqa in vision-language transformers. In ECCV, 2022.

Feng Li, Hao Zhang, Peize Sun, Xueyan Zou, Shilong Liu, Jianwei Yang, Chunyuan Li, Lei Zhang,
and Jianfeng Gao. Semantic-sam: Segment and recognize anything at any granularity. arXiv
preprint arXiv:2307.04767, 2023a.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In /CML, 2022a.

Liunian Harold Li, Mark Yatskar, Da Yin, Cho-Jui Hsieh, and Kai-Wei Chang. Visualbert: A simple
and performant baseline for vision and language. arXiv preprint arXiv:1908.03557, 2019.

Liunian Harold Li, Pengchuan Zhang, Haotian Zhang, Jianwei Yang, Chunyuan Li, Yiwu Zhong,
Lijuan Wang, Lu Yuan, Lei Zhang, Jenq-Neng Hwang, et al. Grounded language-image pre-
training. In CVPR, 2022b.

Yi Li, Hualiang Wang, Yiqun Duan, and Xiaomeng Li. Clip surgery for better explainability with
enhancement in open-vocabulary tasks. arXiv preprint arXiv:2304.05653, 2023b.

10



Under review as a conference paper at ICLR 2023

Feng Liang, Bichen Wu, Xiaoliang Dai, Kunpeng Li, Yinan Zhao, Hang Zhang, Peizhao Zhang,
Peter Vajda, and Diana Marculescu. Open-vocabulary semantic segmentation with mask-adapted
clip. In CVPR, 2023.

Yugqi Lin, Minghao Chen, Wenxiao Wang, Boxi Wu, Ke Li, Binbin Lin, Haifeng Liu, and Xiaofei
He. Clip is also an efficient segmenter: A text-driven approach for weakly supervised semantic
segmentation. In CVPR, 2023.

Quande Liu, Youpeng Wen, Jianhua Han, Chunjing Xu, Hang Xu, and Xiaodan Liang. Open-world
semantic segmentation via contrasting and clustering vision-language embedding. In ECCV,
2022.

Shikun Liu, Shuaifeng Zhi, Edward Johns, and Andrew Davison. Bootstrapping semantic segmen-
tation with regional contrast. In /CLR, 2021.

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Chunyuan Li, Jianwei
Yang, Hang Su, Jun Zhu, et al. Grounding dino: Marrying dino with grounded pre-training for
open-set object detection. arXiv preprint arXiv:2303.05499, 2023.

Francesco Locatello, Dirk Weissenborn, Thomas Unterthiner, Aravindh Mahendran, Georg Heigold,
Jakob Uszkoreit, Alexey Dosovitskiy, and Thomas Kipf. Object-centric learning with slot atten-
tion. NeurIPS, 2020.

Huaishao Luo, Junwei Bao, Youzheng Wu, Xiaodong He, and Tianrui Li. Segclip: Patch aggregation
with learnable centers for open-vocabulary semantic segmentation. In /CML, 2023.

Roozbeh Mottaghi, Xianjie Chen, Xiaobai Liu, Nam-Gyu Cho, Seong-Whan Lee, Sanja Fidler,
Raquel Urtasun, and Alan Yuille. The role of context for object detection and semantic segmen-
tation in the wild. In CVPR, 2014.

Jishnu Mukhoti, Tsung-Yu Lin, Omid Poursaeed, Rui Wang, Ashish Shah, Philip HS Torr, and Ser-
Nam Lim. Open vocabulary semantic segmentation with patch aligned contrastive learning. In
CVPR, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In ICML, 2021.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time object
detection with region proposal networks. NeurIPS, 2015.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman, Mehdi
Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-5b: An
open large-scale dataset for training next generation image-text models. NeurIPS, 2022.

Gyungin Shin, Weidi Xie, and Samuel Albanie. Namedmask: Distilling segmenters from comple-
mentary foundation models. In CVPR, 2023.

Yongqin Xian, Subhabrata Choudhury, Yang He, Bernt Schiele, and Zeynep Akata. Semantic pro-
jection network for zero-and few-label semantic segmentation. In CVPR, 2019.

Jiarui Xu, Shalini De Mello, Sifei Liu, Wonmin Byeon, Thomas Breuel, Jan Kautz, and Xiaolong
Wang. Groupvit: Semantic segmentation emerges from text supervision. In CVPR, 2022.

Jilan Xu, Junlin Hou, Yuejie Zhang, Rui Feng, Yi Wang, Yu Qiao, and Weidi Xie. Learning open-
vocabulary semantic segmentation models from natural language supervision. In CVPR, 2023.

Jiahui Yu, Zirui Wang, Vijay Vasudevan, Legg Yeung, Mojtaba Seyedhosseini, and Yonghui
Wu. Coca: Contrastive captioners are image-text foundation models. arXiv preprint
arXiv:2205.01917, 2022.

Seonghoon Yu, Paul Hongsuck Seo, and Jeany Son. Zero-shot referring image segmentation with
global-local context features. In CVPR, 2023.

11



Under review as a conference paper at ICLR 2023

Lu Yuan, Dongdong Chen, Yi-Ling Chen, Noel Codella, Xiyang Dai, Jianfeng Gao, Houdong Hu,
Xuedong Huang, Boxin Li, Chunyuan Li, et al. Florence: A new foundation model for computer
vision. arXiv preprint arXiv:2111.11432,2021.

Hao Zhang, Feng Li, Xueyan Zou, Shilong Liu, Chunyuan Li, Jianfeng Gao, Jianwei Yang, and
Lei Zhang. A simple framework for open-vocabulary segmentation and detection. arXiv preprint
arXiv:2303.08131, 2023.

Haotian Zhang, Pengchuan Zhang, Xiaowei Hu, Yen-Chun Chen, Liunian Li, Xiyang Dai, Lijuan
Wang, Lu Yuan, Jenq-Neng Hwang, and Jianfeng Gao. Glipv2: Unifying localization and vision-
language understanding. NeurIPS, 2022.

Yiwu Zhong, Jianwei Yang, Pengchuan Zhang, Chunyuan Li, Noel Codella, Liunian Harold Li,
Luowei Zhou, Xiyang Dai, Lu Yuan, Yin Li, et al. Regionclip: Region-based language-image
pretraining. In CVPR, 2022.

Chong Zhou, Chen Change Loy, and Bo Dai. Extract free dense labels from clip. In ECCV, 2022.

Xueyan Zou, Zi-Yi Dou, Jianwei Yang, Zhe Gan, Linjie Li, Chunyuan Li, Xiyang Dai, Harkirat
Behl, Jianfeng Wang, Lu Yuan, et al. Generalized decoding for pixel, image, and language. In
CVPR, 2023a.

Xueyan Zou, Jianwei Yang, Hao Zhang, Feng Li, Linjie Li, Jianfeng Gao, and Yong Jae Lee. Seg-
ment everything everywhere all at once. arXiv preprint arXiv:2304.06718, 2023b.

12



Under review as a conference paper at ICLR 2023

Zl+l

g
" | (o ) |
/:}T\ 01‘” I OF”
[ MLP ] \ [ Self-Self Attention ] [ Self-Self Attention ]

Layer Norm

[ Self-Self Attention [ Self-Self Attention

N
N

A4

Self-Attention

J

k
N

Self-Self Attention GEM-Kmeans Block

@ (@)

Figure 6: (a): Detailed Illustration of GEM for a number of iterations for the iterative self-self attention equal
to 1, where the block N corresponds to L? normalization. (b): Detailed Illustration of GEM-Kmeans block.
The self-self attention is replaced by a Kmeans directly applied over the values.

A APPENDIX

In this section, we provide additional implementation details, analysis, ablation and qualtitatives
examples. In Appendix [A.T] detail the implementation of the proposed GEM, as well as the imple-
mentation of the variant where we replace the self-self attention by a Kmeans and give additional
infromation on the clustering in Appendix [A.2] Then, in Appendix [A.3] we provide further abla-
tion analysis. Finally, in Appendix [A.4] we perform a qualitative comparison of our model to CLIP,
CLIPSurgery and MaskCLIP.

A.1 ADDITIONAL IMPLEMENTATION DETAILS

Architecture and Hyperparameters: GEM is built in parallel to the vision transformer by pro-
cessing input features coming from the vision transformer through a series of ensembled iterative-
temperature regularized self-self attention. For reproducibility, we fix the number of iterations of
self-self attention to 1, i.e., that we do one step of self-self attention applied to the projected features
and one step of self-self attention applied to the values. We also used the temperature heuristic pro-
posed section for all experiments. Figure[6a, provides a detailed overview of the proposed method.

GEM-Kmeans: In section[d.2] we consider the connection between the proposed self-self attention
and clustering. To substantiate that connection we replaced the self-self attention with a Kmeans
algorithm. Figure @b provides implementation details. Given input visual tokens 2 € R™*¢ and the
value projection matrix W, € R*? (from the pretrained ViT), the value tokens are computed as
v; = x;Wy Kmeans output a set of K centroids denoted gt = (11, pt2, - - . jtrc) € R¥>4 The output
Okmeans 18 then obtained by replacing each value token with a weighted sum of the computed
centroids:

Attnkmeans = SOftmaX(vi . /JJT)a Okmeans = Attnkmeans : HT (10)

Note the similarity of the above equation with equation [5] that describes the output of our self-self
attention.

A.2 FURTHER DETAILS ON CLUSTER ANALYSIS

In section we evoque the idea that our self-self attention seems to act as a form of clustering.
In Figure EZWZL extend the simulation presented in section [4.2] to more iterations and temperatures.
We can observe that when we increase the number of iterations (from top to bottom), the cluster
memberships become crisper and fewer clusters tend to form.

13



Under review as a conference paper at ICLR 2023

3it.
°

10 it.
.

30it.
.

k;means
[ ]

k=6 k=4

Figure 7: Comparison of self-self attention with traditional Kmeans clustering on a set of 20 vectors. Utilizing
cosine distance and varying parameters, our results demonstrate that as the number of iterations increases,
self-self attention produces crisper cluster. Self-Self Attention-based Clustering: In the top 3 rows, a set of 20
vectors is softly clustered using self-self attention clustering. In the bottom row, k-means is used for clustering.
Clustering is performed based on cosine distance. From left to right, we increase 7 or reduce the number of
clusters k, respectively. Displayed are the 20 data points (reduced to two dimensions via PCA) and their color
represents a smooth cluster membership (the vector into which they are transformed is translated into a color
value.) Further, the attention matrix is displayed for each clustering (the points were manually ordered for
visual simplicity.) We can observe that when we increase the number of iterations (from top to bottom), the
cluster memberships become crisper and fewer clusters tend to form.

A.3 ADDITIONAL ABLATION

To gain a deeper understanding of the factors influencing the performance of our method, we con-
ducted additional ablation. Namely, we disentangle GEM’s performance for the depth of the vision
transformer at which we apply self-self-attention. We also evaluate the effect of adding the MLPs
from the vision transformer encoder after the self-self attention in the alternative pathway.

Impact of path length: In Table[5| we evaluate the segmentation performance of GEM applied to
CLIP for two model sizes (ViT-B/16 and ViT-B/32) for different starting depths for the alternative
pathway. For ViT-B/16, the performance remains sensibly the same as long as GEM is applied
after the last layer. This can be explained by the fact that the skip connection of GEM’s alternative
pathway is essentially an exponential moving average of GEM applied at each layer. Therefore,
the influence on the output features of the first layers decays exponentially. Therefore, we fixed the
depth d of GEM to equal to d = 4.

Impact of MLP: Originally, the studied VL models were trained using MLPs in their transformer
blocks. Contrarily, in GEM’s pathway the MLPs are not used, and therefore we need to assess the
influence of these MLPs on the downstream performance. Table[5]shows the influence of adding the
MLP from the pretrained VL in our method. We can see that MLPs have a slight negative effect on
the downstream performance. In the case of CLIP, we attribute that to the fact that to compute the
final loss only the ViT’s [CLS] token is used, and the patch tokens are discarded. Hence, the last
MLP had a supervision signal steaming from only the [CLS] token, hence, this module was never
trained to process patch tokens.

A.4 QUALITATIVE ANALYSIS

Failure Cases: Figure[8]shows some failure cases of GEM. For the first image, when prompted with
the text description ”Humain body”, the model segments both the human body and the vehicle body.
For the second image, prompted with ”Vehicle registration plate”, the model focuses on the whole
car instead of only localizing the registration plate. It seems that the text encoder is giving more
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Backbone MLP 1 2 3 4 5 6 7 8 9 10 11

ViT-B/16 48 438 452 455 456 453 455 455 454 454 451
ViT-B/16 v 262 38.8 424 421 422 423 419 41.6 417 420 41.6
ViT-B/32 51 261 403 415 414 413 412 412 411 41.0 41.0

ViT-B/32 v 4:3 21.6 384 403 402 40.1 40.1 400 397 39.6 39.7

Table 5: Impact of depth.

weight to certain words, to “body” in the first example and to ’vehicle” in the second. This way,
when compared to the visual features the model returns the localization of the “emphasized word”.
This effect can be mitigated by removing or replacing the “emphasized” word with another more
descriptive, as shown Figure [§] Therefore, we attribute this type of failure case to the text encoder,
paving the way for future research.

Image Original prompt Adapted prompt

Human body

By !

Boy body Vehicle body
— 1

\.

Figure 8: Failure cases of GEM from the OpenlmagesV7 dataset.

Qualitative examples: Figure [9] presents qualitative examples for CLIP, CLIPSurgery, MaskCLIP
and our method GEM. In most cases, our method is able to localize the prompted object accurately.
The figure also points out the enhanced localization ability of GEM over CLIPSurgery, notably
row 2, where CLIPSurgery fails to localize the class “man”. Overall, GEM produces more precise
localization than CLIPSurgery and MaskCLIP. Interestingly, while vanilla CLIP excels at identifying
which classes are present (in a zero-shot classification setting [Radford et al| (2021)) in images, it
falls short in localizing them effectively, underscoring the advantages of our method.
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Image CLIP GEM CLIPSurgery MaskCLIP

Hamburger Hamburger Hamburger Hamburger

Humain Body Humain Body

Figure 9: Qualitative examples for CLIP, GEM, CLIPSurgery, and MaskCLIP from the OpenlmagesV7 dataset.
All methods use ViT-B/16 as backbone.
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