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Abstract

Unsupervised object discovery and localization aims to detect
or segment objects in an image without any supervision. Re-
cent efforts have demonstrated a notable potential to identify
salient foreground objects by utilizing self-supervised trans-
former features. However, their scopes only build upon patch-
level features within an image, neglecting region/image-level
and cross-image relationships at a broader scale. Moreover,
these methods cannot differentiate various semantics from
multiple instances. To address these problems, we introduce
Hierarchical mErging framework via contrAstive grouPing
(HEAP). Specifically, a novel lightweight head with cross-
attention mechanism is designed to adaptively group intra-
image patches into semantically coherent regions based on
correlation among self-supervised features. Further, to ensure
the distinguishability among various regions, we introduce a
region-level contrastive clustering loss to pull closer similar
regions across images. Also, an image-level contrastive loss
is present to push foreground and background representations
apart, with which foreground objects and background are ac-
cordingly discovered. HEAP facilitates efficient hierarchical
image decomposition, which contributes to more accurate ob-
ject discovery while also enabling differentiation among ob-
jects of various classes. Extensive experimental results on se-
mantic segmentation retrieval, unsupervised object discovery,
and saliency detection tasks demonstrate that HEAP achieves
state-of-the-art performance.

Introduction

Unsupervised object discovery and localization aims to de-
tect or segment salient objects in images without any human
supervision (Vo, Pérez, and Ponce 2020). It is a fundamental
problem since it provides a valuable source of weak super-
vision beneficial for various downstream tasks (Zhang and
Chen 2023; Jin, Yang, and Tan 2022), such as object de-
tection (Shin, Albanie, and Xie 2022; Xie et al. 2021b) and
semantic segmentation (Xie et al. 2022b; Li et al. 2023; Xie
et al. 2022a), etc. Due to the absence of prior knowledge re-
garding visual characteristics or expected class membership,
localizing possible objects within a scene presents signifi-
cant challenges.

Early efforts (Zitnick and Dollar 2014; Uijlings et al.
2013; Vo et al. 2019, 2021) attempted to extract excessive

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

7323

(b) + Patch-Level X Region-Level > Image-Level

””Hi Spectral CIuste.ring
” ” § / Seed Expansion
Previous methods ==’|=’

§ iyt

L

]
a
2 43 1 o
/ - Encoder g Ing I E:I";"\_‘
| 357 O 1 | e

Patch Embeddings Patch-Level Affinities

(C) +/ Patch-Level +/ Region-Level +/ Image-Level

g

o lri’ E.:\ P
” ” ’ A s iR
oy = —
= ’ ’ ’ ’ Foreground '\ ¥y {] Adaptive Grouping
(] I” ¥ > Region-Level Pulling
’ Ours Backeiolnd <> Image-Level Pushing

Figure 1: (a)-(b): Existing methods, such as

FOUND (SimAToni et al. 2023) and TokenCut (Wang
et al. 2022b), consider patch-level similarities for each im-
age separately. (a)-(c): HEAP jointly explores hierarchical
supervisions (i.e., patch/region/image-level) across images,
enabling more acurate object discovery and discrimination
among objects of various classes. Note that colors only
represent different objects, not specific classes.

candidate region proposals from the entire image set, which
are computationally prohibitive to scale to large datasets.
More recent works (Melas-Kyriazi et al. 2022; Wang et al.
2022b) turn to leveraging self-supervised models such as
DINO (Caron et al. 2021), which show great potential for
object segmentation. (Melas-Kyriazi et al. 2022; Wang et al.
2022b) construct a similarity graph for each image sep-
arately and exploit spectral clustering to localize objects.
(Shin, Albanie, and Xie 2022; Wang et al. 2022a, 2023)
further utilize the identified objects as pseudo masks to
train a detection/segmentation model. (Siméoni et al. 2021;
SimAT oni et al. 2023) first identify foreground/background
seeds from the self-attention map and then expand to cover
the whole object. While yielding promising outcomes, ex-
isting methods treat the problem as binary patch-wise clas-
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sification, ignoring semantic relationships between objects.
The investigated similarity is restricted within a single im-
age and among individual patches, which might not ade-
quately encapsulate the holistic representation of an entire
object (Fig. 1 (a)-(b)). Incorporating feature relationships
at a broader scale (e.g., region/image-level) across images
would be beneficial.

To this end, we propose a novel Hierarchical mErging
framework via contrAstive grouPing (HEAP), to gradually
establish patch-level, region-level, and image-level ties. The
core idea is that an image can be decomposed into seman-
tically consistent regions (e.g., sky, land, and bird, etc), and
objects are typically identified as salient foreground regions
(Fig. 1 (a)-(c)). It has been studied that visual features ex-
tracted by recent self-supervised models highlight salient
foreground objects while remaining semantically discrimi-
native among various objects (Caron et al. 2021). This mo-
tivates us to develop a lightweight head that takes in self-
supervised patch features. The head then undertakes two
learning tasks for object discovery: (1) grouping patches to
form various semantic coherent regions; (2) discriminating
foreground objects from background regions.

While the concept of parsing images through grouping
has been explored in prior representation learning stud-
ies (Wen et al. 2022), it often requires to learn a huge number
of group prototypes that represent various concepts shared
across the whole dataset. Such an approach has been proven
to be less flexible for scalability. Instead, we introduce a set
of learnable group tokens, which adaptively interact with
patch embeddings and become image-specific cluster cen-
ters for grouping patches. As such, we do not need to es-
timate the number of classes that a training set may con-
tain, but the maximum number of regions that an image can
be partitioned into. This significantly alleviates the associ-
ated complexity. It should also be pointed out that although
GroupViT (Xu et al. 2022) takes a similar idea to leverage
group tokens in designing a segmentation model, it has to
rely on text supervision for training the model from scratch.
Conversely, HEAP is built upon a pre-trained encoder and
can be efficiently trained without any external sources of
supervision. Since the main purpose of this work is to de-
sign a universal head to manipulate any pre-trained features,
a second-stage self-training that is commonly employed in
some previous studies (Shin, Albanie, and Xie 2022; Wang
et al. 2022a, 2023) is not considered.

To achieve accurate grouping and foreground-background
disentanglement, we introduce three unsupervised losses,
i.e., intra-image grouping, foreground-background disentan-
glement, and inter-image clustering losses. The intra-image
grouping loss enhances discrimination within each image by
encouraging the grouping of similar patches. Consequently,
objects with coherent semantics are grouped into different
regions. This by nature helps distinguish multiple-class ob-
jects within a single image, which cannot be handled by
previous methods. After grouping, patch embeddings with
the same group token are merged to create region-level fea-
tures. These region-level features are then aggregated to de-
termine foreground objects from background regions. Our
intuition is that foreground objects across images share class
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similarities, and that background regions are more similar to
backgrounds in other images than to foreground objects (Xie
et al. 2022b; Siméoni et al. 2021). To achieve this, we pro-
pose a cross-image foreground-background contrastive loss
to differentiate foreground objects from background regions.
Also an additional inter-image clustering loss is present to
promote consistent grouping across different images by en-
couraging the grouping of patches with similar semantics
together across the dataset.

Following FOUND (SimAl’ oni et al. 2023), we exten-
sively evaluate the proposed HEAP on semantic segmen-
tation retrieval on VOC12 (Everingham et al. 2012), unsu-
pervised saliency detection on DUT-OMRON (Yang et al.
2013), DUTS-TE (Wang et al. 2017), and ECSSD (Shi et al.
2015), and unsupervised object discovery on VOCO07 &
VOC12 (Everingham et al. 2007, 2012), and COCO20k (Lin
et al. 2014). HEAP demonstrates the best performance while
keeping the training at a low cost. Main contributions are:

* We propose a hierarchical contrastive grouping frame-
work, HEAP, for unsupervised object discovery and
localization. HEAP explores representation learning at
multiple levels which enables more accurate discovery
and has the capacity to distinguish objects of multiple
classes in a single image.

* By optimizing the proposed head with the multi-level
losses, this paper provides an efficient way to parse im-
ages hierarchically with no supervision.

» Extensive experimental results on semantic segmentation
retrieval, unsupervised object discovery and saliency de-
tection tasks demonstrates that HEAP achieves state-of-
the-art performance.

Related Work

Self-Supervised Methods Self-supervised methods have
emerged as powerful approaches for leveraging unlabeled
data to learn meaningful representations (He et al. 2020;
Tian et al. 2020). Recently, there has been a surge of
research focused on vision transformer (ViT)-based self-
supervised approaches (Caron et al. 2021; He et al. 2022;
Zhou et al. 2022). MoCo-v3 (Chen, Xie, and He 2021) ex-
tends MoCo (He et al. 2020) to incorporate ViTs, demon-
strating effective self-supervised learning of ViTs on large-
scale datasets. DINO (Caron et al. 2021) employs instance
discrimination in a teacher-student setup. The teacher net-
work assigns pseudo-labels to the student network by com-
paring image patches, facilitating the learning of meaningful
features. iBOT (Zhou et al. 2022) incorporates an online to-
kenizer for masked prediction, utilizing self-distillation on
masked patch tokens with the teacher network as the tok-
enizer. MAE (He et al. 2022) employs a high masking ratio
on input images and an asymmetric encoder-decoder archi-
tecture for pixel-wise reconstruction.

Vision Transformer Vision Transformers (ViTs) have
gained significant attention in recent years as a powerful
alternative to convolutional neural networks (CNNs). The
seminal work of (Dosovitskiy et al. 2021) introduced the
ViT architecture, demonstrating its efficacy in image clas-
sification by leveraging self-attention mechanisms. Since
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then, numerous studies have explored and extended the vi-
sion transformer framework for image classification (Liu
et al. 2021; Touvron et al. 2021), object detection (Li et al.
2022b; Carion et al. 2020; Zhang et al. 2021, 2022; Li et al.
2022a) and segmentation (Xie et al. 2021a; Strudel et al.
2021; Cheng et al. 2022). GroupViT (Xu et al. 2022) tackles
semantic segmentation with text guidance. It breaks down
images into meaningful regions, then employs contrastive
learning between text and fine-grained region embeddings.
Our approach also uses a grouping mechanism, but unlike
GroupViT, we don’t rely on text supervision. We exclusively
use contrastive learning with images, enabling the discovery
of meaningful regions and objects in an unsupervised man-
ner.

Unsupervised Object Discovery and Localization In the
field of unsupervised object discovery and localization, ob-
jects are usually detected using binary masks (Li, Sun, and
Yu 2015; Vicente, Rother, and Kolmogorov 2011; Joulin,
Bach, and Ponce 2012) or bounding boxes (Zhu et al. 2014).
Early methods used saliency or intra&inter-image similarity
for region proposals (Zitnick and Dolldr 2014; Uijlings et al.
2013; Wei etal. 2019; Vo et al. 2019, 2021), employing com-
binatorial optimization for object bounding box selection.
However, their computational complexity hindered scala-
bility for large datasets. Recent works use pre-trained ViT
models to extract features and construct a weighted graph
with patches as nodes and pairwise similarities as edges.
LOST (Siméoni et al. 2021) incorporates a heuristic seed
expansion strategy based on the graph. FOUND (SimAl oni
et al. 2023) takes a similar way as LOST but instead expands
background patches. Some works (Shin, Albanie, and Xie
2022; Melas-Kyriazi et al. 2022; Wang et al. 2022b) apply
spectral clustering or normalized graph-cut to find the highly
connected patches as objects. These methods ignore the re-
lationships among images, leading to less optimal results.
To tackle this, we introduce a hierarchical framework that
groups patches into semantically consistent regions for ob-
ject discovery. This approach identifies distinct foreground
objects with varied semantics across regions.

Proposed Method
Architecture

As shown in Fig. 2, HEAP is built upon a frozen pre-trained
encoder. It comprises a grouping block with multiple cross-
attention layers, and a linear aggregator. The cross-attention
layers take trainable group tokens and patch embeddings as
inputs. The resulting adapted group tokens are used to as-
sign individual patches to each group. Then region-level fea-
tures are obtained by averaging patch embeddings of each
group, which are then input into the linear aggregator for
foreground-background disentanglement.

Given a batch of n images Iy., = {I;}, where I, €
RAXWX3 I« W denotes the spatial dimension. We first
extract patch embeddings using a self-supervised pre-trained
ViT. The image I; is divided into N non-overlapping im-
age patches with patch resolutions of K x K, i.e.,, N =
HW/K?. The N patches are represented as N patch tokens,
along with an additional class token CLS. We extract patch
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embeddings P1.xy = {P;}Y,, in which P; € R'*P from
the last self-attention layer of the ViT by concatenating mul-
tiple attention heads, resulting in a feature dimention D for
each patch embedding. Note that, the CLS token is not used.
As such, each image I is represented as a collection of patch
embeddings {P;}Y ;.

A set of M learnable group tokens g1.,y = {g;}M, are
initialized, in which g; € R The cross-attention is ap-
plied where group tokens serve as the query, and the con-
catenation of group tokens and patch embeddings as key
and value. It involves interactions among group tokens and
between group tokens and patch embeddings. The softmax-
based attention mechanism inhibits one group tokeniAZs
response to others and fosters competition among group to-
kens for information aggregation. Let P € RV <P denotes
all the patch embedding of an image, g € R™* denotes all
the group tokens. The calculation of cross-attention follows
the standard procedure of self-attention mechanism:

gWq((g; PIWi)"
VD

g

)(1g; PIWy), (1)

g 2

where W, W, W, W, are the projection matrices of the
cross-attention layer. By using the cross-attention, group to-
kens globally interact with other group tokens and patch em-
beddings. Consequently, the learned group tokens adaptively
capture distinct semantic information. Then, each patch will
be assigned to the groups based on similarity in the embed-
ding space. We compute the assignment matrix Z between
the patch embeddings {P, } and the group tokens {g;} using
Gumbel-Softmax:

softmax(

g+gwo,

7z exp(Pig;” + i)
1, T M )
Dr—1 exp(Pigy + k)
where 7;,7;, are samples randomly drawn from the Gumbe 1

(0, 1) distribution. Then the assignment of patches to
groups are determined by the maximum similarity:

3)

4)

a; = argmax(Z; ;).
J

The region-level embeddings G1.ar = {G; }Jl‘il are then
calculated by averaging all patch embeddings belonging to
a specific group:

G, = 2o Lo ==j)P:
Zi H(ai == ])

where [ is the indicator function. The aggregator ¢(-) is a lin-
ear layer that takes the region-level embedding G and out-
puts the probability of a group belonging to foreground.

®)

Intra-Image Grouping

HEAP takes an image as input and employs a region-
splitting mechanism to partition it into multiple distinct re-
gions, akin to superpixels. To achieve cohesive and percep-
tually meaningful grouping, we construct a fully connected
undirected graph G = (V, £) where each V represents a
patch embedding P;, and each patch is linked to all other
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Figure 2: HEAP Overview. A pre-trained encoder (e.g., with DINO (Caron et al. 2021)) processes input images for patch
embeddings. The cross-attention layers take in learnable group tokens and patch embeddings, and then adaptively aggregate
image representations with each group token capturing distinct characteristics. Learned tokens cluster patches into regions
based on embedding similarity. Patches belonging to the same regions are merged to form region-level embeddings, further
aggregated for image-level foreground and background embeddings. HEAP is trained with three losses. Intra-image grouping:
grouping patches based on similarities. Foreground-background contrasting: pushing foreground and background embeddings
apart. Inter-image clustering: pulling similar regions closer, with the strength weighted by the similarity ranking. Note that
Fif represents the foreground embedding and F” represents the background embedding. i; can be Glf or GY, representing the

region-level foreground or background embedding. We omit the process of obtaining G{ and G? from region-level embeddings,
which simplifies the illustration and does not affect understanding.

patches by edges £ representing the similarity scores based HEAP performs class-agnostic clustering, where group to-
on the cosine similarity of the patch embeddings of the two kens lack specific semantics. Therefore, the self-distillation
patches. As such, we build an affinity matrix A; ; € RV*Y loss is computed image-wise. To prevent dominant groups
of the N patches. and ensure balanced assignments, we add entropy regular-

A,; = max(0, cos(P;, P;)) (6) ization, maintaining reasonable average patch probabilities

. o per group token. The final form of self-distillation loss is:
where cos calculates the cosine similarity. 1 bk
Self-Distillation Loss Intuitively, we expect similar Lintra = " om L, j( ij 2mj )0ij
patches to be grouped together. Inspired by (Hamilton et al. &)
2022; Wang et al. 2022b), we introduce a self-distillation A ( Z (Z Zijlogy . z”)>
loss that constrains the assigment probability of patches to
groups Z, with the affinity matrix of patch embeddings. where ) is the weight for the entropy regularization.
Specifically, we define an affinity matrix J;; of assignment
probability of each patch to groups as: Foreground-Background Disentanglement
0ij = cos(Zi., Zj.). @) Foreground objects are detected under the assumption that

foreground and background regions have distinct represen-
tations. This leads to foreground features being more simi-
lar to other foreground representations across images, rather
than to all background representations. Given the region-
level embeddings G, the linear aggregator produces the
probability of each region belonging to the foreground: H =

Then, the goal of intra-image grouping is to distill the patch
embedding affinity matrix A; ; to the assignment probabil-
ity affinity matrix 9;;. Taking the form of modularity in the
field of community detection (Newman and Girvan 2004),
the self-distillation loss is as follows:

__ Z A k k; 5 8) o(¢(G)), where o is the sigmoid function and H € RM*1,
Lintra 7 Based on H, we can compute the foreground and the back-
where 2m = 5, - Asj, ki = 3, Aqj. m is used for nor- ground representations, F/ € R P and F® € R*P as:
= ijs N = 25 Hhiyg
malization, and & represent the degree of node 7. Note that, F/ =HT ® G,F’ = 1-H")®G, (10)
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where ® represents matrix multiplication. For a given batch
of n images, the aggregator produces corresponding n fore-

ground and n background representations, i.e., {Flf 1, and
{FY}7_,. The objective is to push the two kinds of represen-
tations apart. To achieve this, we introduce a negative con-
trastive loss defined as follows:

1
Lueg = - Zi’j log(1 — COS(F‘if, F?—)), (11)

where cos(Ff , F;’ ) computes the cosine similarity. The in-
tention is to maximize the dissimilarity between all pairs of
foreground and background representations in the batch.

Inter-Image Clustering

Relying solely on intra-image data may not ensure pre-
cise patch grouping. We introduce cross-image information,
capturing contextual object relationships and appearances
across images. This enriches understanding of object bound-
aries and enhances grouping accuracy. We introduce a cross-
image similarity measure to quantify region correlations.

We aim to separately pull together similar foreground and
background region representations. Specifically, for a given
batch of n images, the grouping block produces n x M
image regions. For each of them, the aggregator outputs
the probabilities for them to be the foreground, resulting
in H € R"*1 We have the region-level foreground and
background representations expressed as:

Hiv = 0(0(Grinm)), (12)

where G1.,,)s are the region-level embeddings of n images,
each image with M regions. Hy.,,5s are the corresponding
probabilities to be foreground. Then, we can have region-
level foreground and background representations written as:

G/ =H,0G;,G'=(1-H,) oG, (13)

where © represents element-wise multiplication and 7 €
{1,...,nM}. Subsequently, we introduce a ranking-based
inter-image clustering loss that draws closer the similar
region-level foreground/background representations accord-
ing to the pairwise similarities. For each pair of region-
level foreground/background representations, the similar-

ity is defined as: sfj max(O,cos(Gf,Gf)), s?
max(0, cos(G?, Gg’-)), where 4,5 € {l,..,nM}. The
weight w;; is determined by the ranking on all possible
pairs, ie., j € {1,...,nM}\{i}, and ranges from O to I:
wg)j = exp(—a - rank(s{)j)), wf’j =exp(—a- rank(sfj)),
where « is a hyper-parameter controlling the weights. The
inter-image clustering loss is defined as: Liyter = Linter_tg +

Linter_bg, Where:

1

Linter e f (s ),

ter-te TLM(TLM — 1) Zi,jﬂ‘;ﬁj ] Og(sz,g))
1

Linter — b loa(st ).

ter_bg nM(nM _ 1) Zi,j,z‘;ﬁj(ww Og(sz,]))

The overall objective £ is formulated as the summation of
the three proposed losses:

L= ﬁintra + Eneg + Einter- (14)
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Experiments

Implementation details are provided in the supplementary
material. Dense CRF (dCRF) (Kridhenbiihl and Koltun 2011)
is utilized to refine the boundary of objects.

Semantic Segmentation Retrieval We evaluate HEAP
on unsupervised semantic segmentation retrieval on
VOCI12 (Everingham et al. 2012). We follow the common
protocol in MaskContrast (Van Gansbeke et al. 2021) and
compare with FreeSOLO (Wang et al. 2022a), C2AM (Xie
et al. 2022b) TokenCut (Wang et al. 2022b), SelfMask (Shin,
Albanie, and Xie 2022) and FOUND (SimAloni et al.
2023). We consider both single-object retrieval and
multiple-objects retrieval setups. For single-object retrieval,
all foreground objects are merged as one object while for
multiple-objects retrieval, each foreground object is treated
as a single object separately. Note that we also discard the
foreground objects smaller than 1% of an input image size.

We build the feature bank on the train split and find the
nearest neighbors of each object in the val set by retrieving
the feature bank and assign them the corresponding ground-
truth labels. We obtain the object-wise binary mask, fol-
lowed by aggregating patch-level features within the masked
region to generate object-level features. Mean Intersection-
overUnion (mloU) is used for evaluation.

Table 1 summarizes the results. We borrow most results
of existing methods from (SimAloni et al. 2023). Both
cases where 7 (bus, airplane, car, person, cat, cow, and
bottle) classes or all 21 classes of VOC12 are considered
following (Van Gansbeke et al. 2021). It can be observed
that HEAP consistently outperforms previous methods by a
large margin on both single-object and multiple-objects re-
trieval tasks. Notably, HEAP surpasses FOUND by 3.3% for
multiple-objects retrieval when all the 21 classes are con-
sidered. This indicates the superiority of HEAP to discover
objects of multiple categories in a single image.

We also show and compare visualizations of the predicted
saliency masks by HEAP, FOUND and TokenCut in Fig. 3.
Note that post-processings (bilateral solver or dense CRF)
are applied. It can be observed that TokenCut is prone to fo-
cus on a wrong region in an image (the 1nd and 2rd rows)
and miss some objects (the 3th row). FOUND tends to un-
dersegment small ratios of objects (the 2rd and 3th rows).
However, HEAP yields more accurate masks. Moreover, ob-
jects of different classes are also successfully distinguished.

Unsupervised Object Discovery We follow the common
practice of (SimAloni et al. 2023; Wang et al. 2022b)
and evaluate HEAP on VOCO07 (Everingham et al. 2007),
VOC12 (Everingham et al. 2012), and COCO20K (Lin et al.
2014; Vo, Pérez, and Ponce 2020). CorLoc metric is used to
report results, which measures the proportion of images on
which at least one object was correctly localized. Calcula-
tion of CorLoc is detailed in supplementary materials.
Table 2 summarizes the quanlitative results. The re-
sults of most existing methods are from (SimAloni et al.
2023). We list comparisons with more recent self-supervised
representation-based methods, e.g., LOST (Siméoni et al.
2021), TokenCut, SelfMask, and FOUND, etc. Full table in-
cluding more baselines is provided in supplementary materi-
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(b) Ground truth

(a) Raw image

(c) HEAP (Ours)

(e) TokenCut

(d) FOUND

Figure 3: Qualitative results of unsupervised object discovery and localization obtained by HEAP, FOUND (SimAT oni et al.
2023), and TokenCut (Wang et al. 2022b) on VOC12. Our method could distinguish objects of multiple classes in a single image
while recent works not. Note that colors only represent different objects in an image, not corresponding to specific classes.

mloU

Method Tcls  2lcls
MaskContrast (unsup. sal.) 534 433
Single saliency mask

FreeSOLO 19.7 17.0
FreeSOLO (largest inst.) 20.6  20.6
C2AM (ResNet50) 454 354
TokenCut (ViT-S/8) 46.7 37.6
TokenCut (ViT-S/16) 49.7 399
SelfMask 56.6  40.7
FOUND (ViT-S/8) 56.1 429
HEAP (ours) 59.1 45.6
Multiple saliency masks

FreeSOLO 23.9 25.7
SelfMask 56.2  40.8
FOUND (ViT-S/8) 58.0 427
HEAP (ours) 59.1 46.0

Table 1: Semantic segmentation retrieval on VOC12. Both
single-object (the 2nd block) and multiple-object retrievals
(the 3rd block) are considered. MaskContrast uses its own
trained feature extractor. Bold highlights the best results.
Underlined represents the second best.

als. We observe that HEAP surpasses all existing methods on
VOCO07 and VOC12. Although DINOSAUR obtains higher
performance on COCO20K, the training is much heavier,
requiring 8 times larger GPU memory and hundreds times
more training steps. Conversely, we aim to introduce an ef-
ficient and lightweight head that can also generalize to other
pre-trained backbones effortlessly.
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Method VOC07 VOCI2 COCO20K
LOD 53.6 55.1 48.5
DINO-seg (ViT-S/16) 45.8 46.2 42.0
LOST (ViT-S/8) 55.5 57.0 49.5
LOST (ViT-S/16) 61.9 64.0 50.7
DSS (ViT-S/16) 62.7 66.4 52.2
TokenCut (ViT-S/8) 67.3 71.6 60.7
TokenCut (ViT-S/16) 68.8 72.1 58.8
FreeSolo 44.0 49.7 352
LOST* (ViT-S/16) 65.7 70.4 57.5
TokenCut* (ViT-S/16) 71.4 75.3 62.6
SelfMask 72.3 75.3 62.7
DINOSAUR — 70.4 67.2
FOUND (ViT-S/8) 72.5 76.1 62.9
HEAP (ours) (ViT-S/8) 73.2 77.1 634

Table 2: We compare HEAP to state-of-the-art object dis-
covery methods on VOC07, VOC12, and COCO20K us-
ing CorLoc metric. * refers to a class-agnostic detector
trained with unsupervised “pseudo-boxes” labels in the sec-
ond stage. ‘ViT’ represents different ViT architectures pre-
trained with DINO. Bold highlights the best results, Under-
lined represents the second best. We provide the full table in
supplementary materials.

Unsupervised Saliency Detection We evaluate HEAP on
three commmonly used datasets for unsupervised saliency
detection: ECSSD (Shi et al. 2015), DUTS-TE (Wang
et al. 2017), and DUT-OMRON (Yang et al. 2013). Follow-
ing (SimAloni et al. 2023), intersection-over-union (IoU),
pixel accuracy (Acc) and maximal Fg score (max Fjg) with
3% = 0.3 are used as metrics. Calculations are detailed in
supplementary materials. Similar to (SimAl oni et al. 2023),
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DUT-OMRON DUTS-TE ECSSD

Method Acc ToU maxFg Acc IoU maxFz Acc IoU max Fp
DSS — 567 — — 514 — — 733 —
LOST (ViT-S/16) 797 410 473 871 518 611 .895  .654 758
SelfMask 901 .582 — 923 .626 — 944 181 —
TokenCut (ViT-S/16) .880 533 .600 903 576 672 918 712 .803
FOUND (ViT-S/8) 912 578 .663 938 .645 15 949 807 955
HEAP (ours) (ViT-S/8) 920 .596 .690 940 .644 757 945 811 930
LOST (ViT-5/16) + BS 818 489 578 887 572 .697 916 723 .837
SelfMask + BS 919  .655 — 933 .660 — 955 .818 —
TokenCut (ViT-S/16) + BS 897 618 .697 914 .624 155 934 772 .874
FOUND (ViT-S/8) + BS 922 613 .708 942 663 163 951 813 935
HEAP (ours) (ViT-S/8) + dCRF  .929  .646 724 949  .687 77 962 .823 948

Table 3: We compare HEAP to state-of-the-art methods on unsupervised saliency detection on DUT-OMRON, DUTS-TE,
ECSSD. ‘+BS’ refers to applying the post-processing bilateral solver on the generated masks; ‘+dCRF’ refers to applying the
post-processing dense CRF on the generated masks. Bold highlights the best results, underlined represents the second best.

we consider the mask used for evaluation is with all identi-
fied objects. dCRF also processes all connected components.

Num. Acc IoU max Fjp ‘ o Acc IoU max Fg
3 913 604 736 | 0.1 949 .687 .777
8 949 687 777 | 025 925 659 756
15 933 654 758 |05 931 .656  .762

Table 4: Effect of the number of group tokens M and inter-
image contrastive clustering loss weight «v. Experiments are
evaluated on unsupervised saliency detection on DUTS-TE.

i*ntra ER Encg Linter Acc ToU max F[g
v v 930 .642 700
v v v 937  .662 731
v v v v 949  .687 77

Table 5: The effect of each loss. Experiments are evalu-
ated on unsupervised saliency detection on DUTS-TE. Note
L} 1., refers to the Liner, without the entropy regularization,
corresponding to Eq. 8. ER refers to the entropy regulariza-

tion, corresponding to the second item in Eq. 9.

The results are shown in Table 3. Full table includ-
ing more baselines is provided in supplementary materials.
Compared with LOST, SelfMask, TokenCut, and FOUND,
HEAP achieves better or comparable performance on all
three datasets, indicating that HEAP effectively discovers
objects through grouping and foreground-background rep-
resentations contrasting. Similar to those methods, our ap-
proach does not involve training segmentation decoders. The
patch-level predictions result in coarse segmentation. We
improve this by using dCRF to refine object boundaries and
reduce false positives, thereby improving performance.

Ablation Studies

All ablation experiments are conducted on unsupervised
saliency detection on DUTS-TE.
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Effect of Each Loss We verify the effectiveness of each
proposed loss. We start by the simplest version, which
only implements intra-image grouping loss and foreground-
background contrastive loss. The other losses are added one
by one. Results are shown in Table 5. We can observe the
performance gain brought by each loss.

Effect of Number of Group Tokens M determines the
maximum number of regions (i.e., clusters) that an image
can be divided into. The actual number of regions is adap-
tively determined for each image by an argmax operation.
Theoretically, a small M results in coarse segmentation;
while a too large M may lead to overclustering and segment
objects into finer parts. As shown in the left part of Table 4,
HEAP maintains good performance under a range of M and
achieves best when M = 8.

Effect of @ « controls the impact of neighboring samples
in inter-image region-level clustering. A higher « prioritizes
nearest neighbors, while a smaller « considers a broader
range of neighbors. From the right part of Table 4, we can
observe that @« = 0.1 results in best performance. Since
region-level embedding space across images are much more
diverse than that within a single image, it is natural to rely
on more neighbourhood regions for conducting clustering.

Conclusion

We propose HEAP, a novel approach that addresses unsu-
pervised object discovery and localization. HEAP achieves
this by hierarchically merging self-supervised local pat-
terns to construct global representations of foreground ob-
jects and backgrounds. Through adaptive grouping and con-
trastive clustering, discriminative regions are formed, with
which objects are identified by cross-image foreground-
background contrasting. HEAP’s hierarchical property ben-
efits discovering more complete objects and distinguishing
objects belonging to multiple categories. As a lightweight
and general head, HEAP achieves state-of-the-art results on
semantic segmentation retrieval, unsupervised object dis-
covery and unsupervised saliency detection.
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