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Abstract

In this paper, we describe a graph-based algorithm that
uses the features obtained by a self-supervised trans-
former to detect and segment salient objects in images
and videos. With this approach, the image patches that
compose an image or video are organised into a fully
connected graph, where the edge between each pair of
patches is labeled with a similarity score between patches
using features learned by the transformer. Detection and
segmentation of salient objects is then formulated as a
graph-cut problem and solved using the classical Nor-
malized Cut algorithm. Despite the simplicity of this
approach, it achieves state-of-the-art results on several
common image and video detection and segmentation
tasks. For unsupervised object discovery, this approach
outperforms the competing approaches by a margin of
6.1%, 5.7%, and 2.6%, respectively, when tested with the
VOCO07, VOC12, and COCO20K datasets. For the un-
supervised saliency detection task in images, this method
improves the score for Intersection over Union (IoU) by
4.4%, 5.6% and 5.2%. When tested with the ECSSD,
DUTS, and DUT-OMRON datasets, respectively, com-
pared to current state-of-the-art techniques. This method
also achieves competitive results for unsupervised video
object segmentation tasks with the DAVIS, SegTV2, and
FBMS datasets. Our implementation is available at
https://www.m-psi.fr/Papers/TokenCut2022/.

1 Introduction

Detecting and segmenting salient objects in an image or
video are fundamental problems in computer vision with
applications in real-world vision systems for robotics,
autonomous driving, traffic monitoring, manufacturing,
and embodied artificial intelligence [19, 67, 68]. How-
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(b) A unified method for image and video segmentation.

Figure 1: Attention maps associated with different
patches highlight different regions of the object (Fig. 1a),
which motivates us to build a unified graph-based solution
for unsupervised image and video segmentation (Fig. 1b).

ever, current approaches rely on supervised learning re-
quiring large data sets of high-quality, annotated training
data [35]. The high cost of this approach becomes even
more apparent when using transfer learning to adapt a pre-
trained object detector to a new application domain. Re-
searchers have attempted to overcome this barrier using
active learning [1, 48], semi-supervised learning [8, 37],
and weakly-supervised learning [27, 44,76, 77] with lim-
ited results. In this paper, we report on results of an ef-
fort to use features provided by transformers trained with
self-supervised learning, obviating the need for expensive
annotated training data.


https://www.m-psi.fr/Papers/TokenCut2022/

Vision transformers trained with self-supervised learn-
ing [6,15], such as DINO [6] and MAE [18] have been
shown to outperform supervised training on downstream
tasks. In particular, the attention maps associated with
patches typically contain meaningful semantic informa-
tion (Fig. 1a). For example, experiments with DINO [6]
indicate that the attention maps of the class token high-
light salient object regions. However, such attention maps
are noisy and cannot be directly used to detect or segment
objects.

The authors of LOST [49] have shown that the learned
features from DINO can be used to build a graph and seg-
ment objects using the inverse degrees of nodes. Specif-
ically, LOST employs a heuristic seed expansion strategy
to accommodate noise and detect a single bounding box
for a foreground object. We have investigated whether
such learned features can be used with a graph-based ap-
proach to detect and segment salient objects in images and
videos (Fig. 1b), formulating the segmentation problem
using the classic normalised cut algorithm (Ncut) [46].

In this paper we describe TokenCut, a unified graph-based
approach for image and video segmentation using fea-
tures provided by self-supervised learning. The process-
ing pipeline for this approach, illustrated in Fig. 2, is com-
posed of three steps: /) graph construction, 2) graph cut,
3) edge refinement. In the graph construction step, the
algorithm uses image patches as nodes and uses features
provided by self-supervised learning to describe the sim-
ilarity between pairs of nodes. For images, edges are la-
beled with a score for the similarity of patches based on
learned features for RGB appearance. For videos, edge
labels combine similarities of learned features for RGB
appearance and optical flow.

To cut the graph, we rely on the classic normalized cut
(Ncut) algorithm to group self-similar regions and delimit
the salient objects. We solve the graph-cut problem using
spectral clustering with generalized eigen-decomposition.
The second smallest eigenvector provides a cutting so-
lution indicating the likelihood that a token belongs to
a foreground object, which allows us to design a simple
post-processing to obtain a foreground mask. We also
show that standard algorithmns for edge-aware refine-
ment, such as Conditional Random Field [30] (CRF) and
Bilateral Solver [5] (BS) can be used to refine the masks
for detailed object boundary detection. This approach can
be considered as a run-time adaptation method, because
the model can be used to process an image or video with-
out the need to retrain the model.

Despite its simplicity, TokenCut significantly improves
unsupervised saliency detection in images. Specifically,
it achieves 77.7%, 62.8%. 61.9% mloU on the EC-
SSD [47], DUTS [64] and DUT-OMRON [72] respec-
tively, and outperforms the previous state-of-the-art by a
margin of 4.4%, 5.6% and 5.2%. For unsupervised video
segmentation, TokenCut achieves competitive results on
DAVIS [41], FBMS [40], SegTV2 [32]. Additionally, To-
kenCut also obtains important improvement on unsuper-
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vised object discovery. For example, TokenCut outper-
forms DSS [38], which is a concurrent work, by a margin
of 6.1%, 5.7%, and 2.6% respectively on the VOCO07 [16],
VOCI12 [17], COCO20K [35].

In summary, the main contributions of this paper are as
follows:

* We describe TokenCut , a simple and unified approach
to segment objects in images and videos without using
any human annotations. ~
We show that TokenCut significantly outperforms pre-
vious state-of-the-art methods unsupervised saliency
detection and unsupervised object discovery on images.
As a training-free method, TokenCut achieves compet-
itive performance on unsupervised video segmentation
compared to the state-of-the-art methods.
* We provide a detailed analysis on the TokenCut to vali-
date the design of the proposed approach.

2 Related Work

Self-supervised vision transformers. ViT [15]
has shown that the transformer architecture [58] can be
effective for computer vision tasks using supervised learn-
ing. Recently, many variants of ViT have been pro-
posed to learn image encoders in a self-supervised man-
ner. MoCo-V3 [7] demonstrates that using contrastive
learning on ViT can achieve strong results. DINO [6] pro-
poses to train transformers with self-distillation loss [21]
and shows that the features learn through ViT contain ex-
plicit information useful for image semantic segmenta-
tion. Inspired by BERT, several approaches [4, 14,20, 34]
mask some tokens from the input and learn to recover the
missing tokens in the output.

Unsupervised object discovery.  Given a group of
images, unsupervised object discovery seeks to discover
and delimit similar objects that appear in multiple images.
Early research [9, 22, 25,26, 59] formulated the problem
as a problem using an assumption on the frequency of
object occurrences. Other researchers formulated object
detection as an optimization problem over bounding box
proposals [11,53, 60, 61] or as a ranking problem [62].
Recently, LOST [49] significantly improved the state-
of-the-art for unsupervised object discovery. LOST ex-
tracts features using a self-supervised transformer based
on DINO [6] and designs a heuristic seed expansion strat-
egy to obtain a single object region. As with LOST, To-
kenCut also uses features obtained with self-supervised
learning. However, rather than relying on the attention
map of some specific nodes, TokenCut forms a fully con-
nected graph of image tokens, with edges labeled with a
similarity score between tokens based on transformer fea-
tures. The classical Ncut [46] algorithm is then used to
detect and segment image objects.

*Our implementation is available at https:/www.m-
psi.fr/Papers/TokenCut2022/. An online demo is accessible at
https://huggingface.co/spaces/yangtaowang/TokenCut.


https://www.m-psi.fr/Papers/TokenCut2022/
https://www.m-psi.fr/Papers/TokenCut2022/
https://huggingface.co/spaces/yangtaowang/TokenCut

AUTHOR VERSION

———————————————————————— 7 N
Graph \ 7/ Second smallest eigenvector Foreground Segmentatlon\ Output
Feature extraction from — ; & “
self-supervised ViT I I i
| g

Hm ”W

Bi-| pamtlon

= Feature extraction from

Ll

|
|
|
I
I Video Input
I
|
|

- a
.“ ¢ self-supervised VIT
™™ |
*‘ ) + Flow RGB frames
w ; 55",[‘. ”i
TN

(b) Graph Cut

(a) Graph Construction (c) Edge Refinement

Figure 2: An overview of the TokenCut approach.The algorithm constructs a fully connected graph in which the nodes
are image patches and the edges are similarities between the image patches using transformer features. Object seg-
mentation is then solved using the Ncut algorithm [46]. Bi-partition of the graph using the second smallest eigenvector
allows to detect foreground object. A Bilateral Solver [5] (BS) or Conditional Random Field [30] (CRF) can be used

for edge refinement.

Unsupervised saliency detection. Unsupervised
saliency detection seeks to segment a salient object within
an image. Earlier works on this task [24, 33, 70, 80]
use techniques such as color contrast [10], certain back-
ground priors [66], or super-pixels [33, 72]. More re-
cently, unsupervised deep models [39, 78] propose to
learn with noisy pseudo-labels generated from different
handcrafted saliency methods. [63] shows that unsu-
pervised GAN s allow to differentiate between foreground
and background pixels and generate high-quality saliency
masks. In this work, we show that incorporating a sim-
ple post-processing step into our method for unsupervised
object discovery can provide a strong baseline method for
unsupervised saliency detection.

Unsupervised video segmentation.  Given an un-
labeled video, unsupervised video segmentation aims to
generate pixel-level masks for the object of interest in
the video. Prior works segment objects by selecting
super-pixels [29], learning flattened 3D object represen-
tations [31], constructing an adversarial network to mask
a region such that the model can predict the optical flow
of the masked region [74], or reconstructing the optical
flow in a self-supervised manner [71], etc. DyStaB [73]
first partitions the motion field by minimizing the tempo-
ral consistent mutual information and then uses the seg-
ments to learn the object detector, in which the models
are jointly trained with a bootstrapping strategy. The de-
formable sprites method (DeSprite) [75] trains a video
auto-encoder to segment the object of interest by decom-
posing the video into layers of persistent motion groups.
In contrast to these methods [71, 73, 74], our proposed
method does not require prior training on videos. Com-
pared with methods [29, 31] that do not train on videos,
our method achieves superior performance.

3 Approach: TokenCut

In this section, we present TokenCut, a unified algorithm
that can be used to segment the salient object in an image
or moving objects in a video. Our approach, illustrated
in Fig. 2, is based on a graph where the nodes are visual
patches from either an image or a sequence of frames, and
the edges are similarities between the features of the nodes
extracted using self-supervised transformers.

This section is organised as follows: we first briefly re-
view vision transformers and the Normalized Cut algo-
rithm in Section 3.1.1 and Section 3.1.2. We then describe
the TokenCut algorithm for object detection and segmen-
tation in images and videos in Section 3.2.

3.1 Background
3.1.1 Vision Transformers

The Vision Transformer has been proposed in [15]. The
key idea is to process an image with transformer [58] ar-
chitectures using non-overlapping patches as tokens. For
an image with size [ X IV, a vision transformer takes non-
overlapping K x K image patches as inputs, resulting in
N = HW/K? patches. Each patch is used as a token, de-
scribed by a vector of numerical features that provide an
embedding. An extra learnable token, denoted as a class
token C'LS, is used to represent the aggregated informa-
tion of the entire set of patches. A positional encoding
is added to C'LS token and the set of patch tokens, then
they are fed to a standard transformer network with self-
attention [58] and layer normalization [2].

The Vision Transformer is composed of several stacked
layers of encoders, each with feed-forward networks and
multiple attention heads for self-attention, paralleled with
skip connections. For TokenCut algorithm, we use the
Vision Transformer proposed in DINO [6], trained with
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Figure 3: Visual results of unsupervised single object discovery on VOC12. In (a), we show the attention of the
CLS token in DINO [6] which is used for detection (b). LOST [49] is mainly relied on the map of inverse degrees (c)
to perform detection (d). For our approach, we illustrate the eigenvector in (e) and our detection in (f). Blue and Red
bounding boxes indicate the ground-truth and the predicted bounding boxes respectively.

self-supervised learning. We extract latent features from
the final layer as the input features for TokenCut.

3.1.2 Normalized Cut (Ncut)

Graph partitioning.  Given a graph G = (V, &),
where V and & are sets of nodes and edges respectively.
E is the similarity matrix with E; ; as the edge between
the i-node v; and the j-th node v;. Ncut [46] is proposed
to partition the graph into two disjoint sets A and 5. Dif-
ferent to standard graph cut, Ncut criterion considers both
the total dissimilarity between A and B as well as the total
similarity within A and . Precisely, we seek to minimize
the Ncut energy [46]:

C(A,B)
C(A,V)

C(A,B)
C(B,V)’

(D

where C' measures the degree of similarity between two
sets. , C(A,B) = 3y, cav,epEij and C(A,V) is the
total connection from nodes in A to all the nodes in the
graph.

As shown by [46], the equivalent form of optimization
problem in Eqn 1 can be expressed as:

'D-E
min F(x) = min y(Ti)y
x y y!' Dy

2)

with the condition of y € {1,—b}", where b satisfies

yTDl = 0, where D is a diagonal matrix with d; =
>_; E; ; onits diagonal.
Ncut solution with the relaxed constraint.  Tak-
ingz = D%y, Eqn 2 can be rewritten as:
. 27D 2(D—-E)D 2z
min T . 3)
z Z"Z

Indicating in [46], the formulation in Eqn 3 is equivalent
to the Rayleigh quotient [57], which is equivalent to solve
D 2(D — E)D 2z = Az, where D — E is the Lapla-
cian matrix and known to be positive semidefinite [42].
Therefore zy = D21 is an eigenvector associated to the
smallest eigenvalue A = 0. According to Rayleigh quo-
tient [57], the second smallest eigenvector z; is perpen-
dicular to the smallest one (zg) and can be used to mini-
mize the energy in Eqn 3,

. z’D (D —-E)D 2z
Z1 = argmin .

2720 zTz
Taking z = D2y,
y1 = argmin 7yT(D —E)y
yTD1=0 y'Dy



Thus, the second smallest eigenvector of the generalized
eigensystem (D —E)y = ADy is the real valued solution
to the Ncut [46] problem.

3.2 TokenCut Algorithm

TokenCut algorithm consists of three steps: (a) Graph
Construction, (b) Graph Cut, (c) Edge Refinement. An
overview of the approach is shown in Fig. 2.

3.2.1 Graph construction

Image Graph. As described in Section 3.1.2, we
consider a fully connected undirected graph G = (V, &),
where v; represents the feature vectors of the node v;.
Each patch is linked to other patches by labeled edges,
£. Edge labels represent a similarity score S.

L
.y

where 7 is a hyper-parameter and S(v;,v;) = FAREAR
is the cosine similarity between features. € is a small
value le — 5 to assure a fully connected graph. Note that
the spatial information has been implicitly included in the
features, which is achieved by positional encoding in the
transformer.

Video Graph. As with images, videos are pre-
sented as a fully connected graph where the nodes V are
visual patches and the edges £ are labeled with the simi-
larity between patches. However, for videos, similarity in-
cludes a score based on both RGB appearance and a RGB
representation of optical flow computed between consec-
utive frames [3]. The algorithm extracts a sequence of
feature vectors using a vision transformer as described in
Section 3.1.1. Let v} and v/ denote the feature of i-th
image patch and flow patch respectively. Edges is labeled
with the average over the similarities between image fea-
ture and flow features, expressed as:

1,

S(viv)+S(vivi)
Eij = 2
67

J Z T
Image feature provide segmentation semantically similar
objects while flow features focus on moving objects. We
provide a full analysis on the definition of edges in Sec-
tion 4.4.

if S(Vi, Vj) >T
else

; “)

ViV,

if
else

&)

3.2.2 Graph Cut

On the constructed graph, we apply the Ncut algorithm
and obtain the second smallest eigenvector of the general-
ized eigensystem, as described in Section 3.1.2. The sec-
ond smallest eigenvector, which we refer to as the “eigen
attention”, highlights salient objects. We provide visu-
alization of the attention map in Section 4. To segment
objects, we propose to first bi-partition the graph, then
determine which partition belongs to the foreground and
finally select nodes that are from the same objects.

AUTHOR VERSION

Bi-partition the graph.  To partition the nodes into
two disjoint sets, we simply leverage the average value of
the second smallest eigenvector to cut the graph y; =
>, yi. Formally, A = {v;lyl < yi} and B =
{vilyl > y1}. Note that, we also tried classical clus-
tering algorithms, such as K-means and EM, to cluster
the second smallest eigenvector into 2 partitions. The
comparison is available in Section 4.4, indicating that the
mean generally provides better results.

Determine foreground. Given the two disjoint
sets, we consider the partition with the maximum absolute
value v,,,4, as the foreground. Intuitively, the foreground
object should be salient thus less connected to the entire
graph, i.e. d; < d; if v; belongs to the foreground while
v is the background token. Therefore, the eigenvector of
the foreground object should have a larger absolute value
than the one of the background.

Select the object. In images, we are interested in
segmenting a single object while the foreground might
contain more than one connected regions. We finally se-
lect the connected component in the foreground contain-
ing the maximum absolute value v,,,,. as our final object.
In videos, as we aims at segmenting all the moving ob-
jects, we simply take the entire foreground region as our
final output.

3.2.3 Edge Refinement

The graph cut provides coarse masks of objects due to
the large size of transformer patches, which can be eas-
ily refined using standard edge refinement approaches.
In detail, we leverage the off-the-shelf edge-aware post-
processing techniques such as Bilateral Solver [5] (BS),
Conditional Random Field [30] (CRF) on top of the ob-
tained coarse mask in order to generate a fine grained
mask.

Implementation details.  For our experiments, we
use the ViT-S/16 model [15] trained with self-distillation
loss (DINO) [6] to extract features of patches, if not ex-
plicitly mentioned. Following [49], we employ the key
features of the last layer as the input features v. Ablations
on different features and ViT backbones are provided in
Tab. 5. We set 7 = 0.2 for all image datasets and 7 = 0.3
for video datasets if not explicitly mentioned, the depen-
dency on 7 is provided in Section 4.4. In terms of run-
ning time, our implementation takes approximately 0.32
seconds to detect a bounding box of a single image with
resolution 480 x 480 on a single GPU QUADRO RTX
8000.

To generate optical flow, we use two different approaches:
RAFT [54] and ARFlow [36]. The first one is super-
vised and the second one is self-supervised. We extract
the optical flow at the original resolution of the image
pairs, with the frame gaps n = 1 for DAVIS [41] and
SegTV?2 [32] dataset and, for FBMS [40], we use n = 3
to compensate small motion. Due to the limit of com-
putational resources, we construct the video graph with
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Table 1: Comparisons for unsupervised single object discovery. We compare TokenCut to state-of-the-art object
discovery methods on VOCO07 [16], VOC12 [17] and COCO20K [35,61] datasets. Model performances are evaluated
with CorLoc metric. “Inter-image Simi.” means the model leverages information from the entire dataset and explores

inter-image similarities to localize objects.

Method Inter-image Simi. DINO [6] Feat. VOCO07 [16] VOCI2 [17] COCO20K [35,61]
Selective Search [49,56] 18.8 20.9 16.0
EdgeBoxes [49,81] 31.1 31.6 28.8

Kim et al. [28,49] v 439 46.4 35.1
Zhange et al. [49,79] v 46.2 50.5 34.8
DDT+ [49,65] v 50.2 53.1 38.2

rOSD [49,61] v 54.5 55.3 48.5

LOD [49,62] v - 53.6 55.1 48.5
DINO-seg [6,49] ViT-S/16 [15] 45.8 46.2 42.1

LOST [49] ViT-S/16 [15] 61.9 64.0 50.7

DSS [38] ViT-S/16 [15] 62.7 66.4 56.2
TokenCut ViT-S/16 [15] 68.8 (16.1) 72.1(15.7) 58.8 (1 2.6)
LOD + CAD* [49] v 56.3 61.6 52.7

rOSD + CAD* [49] v - 58.3 62.3 53.0

LOST + CAD* [49] ViT-S/16 [15] 65.7 70.4 57.5
TokenCut + CAD* [49] ViT-S/16 [15] 71.4 (157 175.3(14.9) 62.6 (1 5.1)

* +CAD indicates to train a second stage class-agnostic detector with “pseudo-boxes” labels.

maximum of 90 frames on the DAVIS dataset. For videos
longer than 90 frames, we simply aggregate results using
non-overlapping subgraphs with maximum video frames
of 90.

4 Experiments

We evaluate our approach on three tasks: unsupervised
single object discovery, unsupervised saliency detection
and unsupervised video segmentation. We present results
of unsupervised single object discovery in Section 4.1.
The results of unsupervised saliency detection in Sec-
tion 4.2. The results of unsupervised video segmentation
in Section 4.3. We provide ablation studies in Section 4.4.

4.1 Unsupervised Single Object Discovery

Datasets.  We evaluate our approach on three com-
monly used benchmarks for unsupervised single object
discovery: VOCO07 [16], VOC12 [17] and COCO20K
[35,61]. VOCO7 and VOCI12 contain 5011 and 11540
images respectively which belong to 20 categories.
COCO20K consists of 19817 randomly chosen images
from the COCO2014 dataset [35]. VOCO7 and VOC12
are commonly evaluated for unsupervised object discov-
ery [11,60-62,65]. COCO20K is a popular benchmark
for a large scale evaluation [61].

Evaluation metric. Following the previous re-
searches [11, 13, 50, 60-62, 65], we report performance
using the CorLoc metric for precise localization. We take
one predicted bounding box in an image. For target im-
age, CorLoc is one if the intersection over union (IoU)
score between the predicted bounding box and one of the
ground truth bounding boxes is superior to 0.5.

6

Quantitative Results. We evaluate the CorLoc
scores in comparison with previous state-of-the-art sin-
gle object discovery methods [28,49,56,61,62,65,79,81]
on VOCO07, VOCI12, and COCO20K datasets. These
methods can be roughly divided into two groups ac-
cording to whether the model leverages information from
the entire dataset and explores inter-image similarities.
Because of quadratic complexity of region comparison
among images, models with inter-image similarities are
generally difficult to scale to larger datasets. The selec-
tive search [56], edge boxes [81], LOST [49] and Token-
Cut do not require inter-image similarities and are thus
much more efficient. As shown in the Tab. 1, TokenCut
consistently outperforms all the previous methods on all
the datasets by a large margin. Particularly, TokenCut im-
proves the concurrent work DSS [38] by 6.1%, 5.7% and
2.6% in VOCO07, VOC12 and COCO20K respectively us-
ing the same ViT-S/16 features.

We also list a set of results that includes using a sec-
ond stage unsupervised training strategy to boost the per-
formance, which is referred to Class-Agnostic Detection
(CAD) and proposed in LOST [49]. Precisely, we first
compute K-means on all the boxes produced by the first
stage single object discovery model to obtain pseudo la-
bels of the bounding boxes. Then a classical Faster
RCNN [43] is trained on the pseudo labels. As shown
in Tab. 1, TokenCut with CAD outperforms the state-
of-the-art by 5.7%, 4.9% and 5.1% on VOCO07, VOC12
and COCO20k respectively, which demonstrates the effi-
ciency of our method.

Qualitative Results. In Fig. 3, we provide visual-
ization for DINO-seg [6], LOST [49] and TokenCut". For
each method, we visualize the heatmap that is used to per-

“More visual results can be found in the project web-
page https://www.m-psi.fr/Papers/TokenCut2022/.
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Table 2: Comparisons for unsupervised saliency detection We compare TokenCut to state-of-the-art unsupervised
saliency detection methods on ECSSD [47], DUTS [64] and DUT-OMRON [72]. TokenCut achieves better results

compared with other competitive approaches.

Method ECSSD [47] DUTS [64] DUT-OMRON [72]
maxFg(%) ToU(%) Acc.(%) maxFg(%) ToU(%) Acc.(%) maxFg(%) ToU(%) Acc.(%)
HS [70] 67.3 50.8 84.7 50.4 36.9 82.6 56.1 433 84.3
wCtr [80] 68.4 51.7 86.2 522 39.2 83.5 54.1 41.6 83.8
WSC [33] 68.3 49.8 85.2 52.8 38.4 86.2 52.3 38.7 86.5
DeepUSPS [39] 58.4 44.0 79.5 425 30.5 77.3 41.4 30.5 71.9
BigBiGAN [63] 78.2 67.2 89.9 60.8 49.8 87.8 549 453 85.6
E-BigBiGAN [63] 79.7 68.4 90.6 62.4 51.1 88.2 56.3 46.4 86.0
LOST [45,49] 75.8 65.4 89.5 61.1 51.8 87.1 47.3 41.0 79.7
LOST [45,49]+BS [5] 83.7 72.3 91.6 69.7 57.2 88.7 57.8 48.9 81.8
DSS [38] - 73.3 - - 514 - - 56.7 -
TokenCut 80.3 71.2 91.8 67.2 57.6 90.3 60.0 533 88.0
TokenCut + BS [5] 87.4 (1 3.7) 77.2 93.4 75.5 62.4 91.4 69.7 (1 11.9) 61.8 89.7
TokenCut + CRF [30] 874 (13.7) 77.7(144) 93.6(12.0) 757(16.0) 62.8(15.6) 91.5(12.8) 69.2 61.9 (15.2) 89.8(18.0)

@Gr

(c) TokenCut+CRF (b) TokenCut

Figure 4: Visual results of unsupervised segments on ECSSD [47]. In (a), we show the ground truth. (b) is TokenCut
coarse mask segmentation result. The performance of TokenCut + Bilateral Solver (BS) is presented in (c).

form object detection. For DINO-seg, the heatmap is the
attention map associated to the CLS token. For LOST,
the detection is mainly based on the map of inverse de-
gree (d%_). For TokenCut, we display the second small-
est eigenvector. The visual results demonstrate that our
TokenCut can extract a high quality segmentation for the
salient object. Compared with DINO-seg and LOST, To-
kenCut is able to extract a more complete segmentation
as can be seen in the first and the third samples in Fig. 3.
In some other cases, when all the methods have a high
quality map, TokenCut has the strongest intensity on the
object. This phenomenon can be viewed in the last sample
in Fig. 3.

Internet Images.  We further test TokenCut on In-

ternet images”. The results are in Fig 5. It can be seen that
even though the input images are with noisy backgrounds,
our algorithm can still provide a precise attention map to

“We provide an online demo allowing to test Internet images:
https://huggingface.co/spaces/yangtaowang/TokenCut.

cover the object and lead to accurate bounding box pre-
diction, which demonstrates again the robustness of our
approach again.

4.2 Unsupervised Saliency detection

Datasets. We validate the performance of the
model on three datasets on unsupervised Saliency

detection: Extended Complex Scene Saliency
Dataset(ECSSD) [47], DUTS [64] and DUT-
OMRON [72]. ECSSD contains 1 000 real-world

images of complex scenes for testing. DUTS contains
10 553 train and 5 019 test images. The training set
is collected from the ImageNet detection train/val set.
The test set is collected from ImageNet test, and the
SUN dataset [69]. Following the previous works [45],
we report the performance on the DUTS-test subset.
DUT-OMRON [72] contains 5 168 images of high quality
natural images for testing.


https://huggingface.co/spaces/yangtaowang/TokenCut

(c) Detection

(b) Eigen Attention

Figure 5: Visualization of images from the Internet. We
show the input images, our eigen attention, and final de-
tection in (a), (b), and (c) respectively.

Evaluation Metrics. @ We report three standard
metrics: F-measure, IoU and Accuracy. F-measure is a

standard measure in saliency detection. It is computed

_ (148%)Precisionx Recall ol
as Ig = 52 Precisiont Recall where the Precision and

Recall are defined based on the binarized predicted mask
and ground truth mask. The maxFg is the maximum
value of 255 uniformly distributed binarization thresh-
olds. Following previous works [45,63], we set § = 0.3
for consistency. loU(Intersection over Union) score is
computed based on the binary predicted mask and the
ground-truth, the threshold is set to 0.5. Accuracy mea-
sures the proportion of pixels that have been correctly as-
signed to the object/background. The binarization thresh-
old is set to 0.5 for masks.

Results.  The qualitative results are in Tab. 2. To-
kenCut significantly outperforms previous state-of-the-
art. Adding BS [5] or CRF [30] refines the boundary of
an object and further boosts the TokenCut performance,
which can also be seen from the visual results presented
in Fig. 4.

4.3 Unsupervised Video Segmentation

Datasets.  We further evaluate TokenCut on three
commonly used datasets for unsupervised video segmen-
tation: DAVIS [41], FBMS [40] and SegTV2 [32]. DAVIS
contains 50 high-resolution real-word videos, where 30
for training and 20 for validation. The pixel-wise anno-
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Table 3: Comparisons for unsupervised video segmen-
tation. We report Jaccard index and compare TokenCut to
state-of-the art unsupervised video segmentation methods
on DAVIS [41], FBMS [40] and SegTV2 [32]. Token-
Cut achieves competitive results comparing with other
competitive approaches.

Method Flow Training DAVIS [41] FBMS [40] SegTV2[32]

ARP [29] CPM [23] 76.2 59.8 572

ELM [31] Classic+NL [51] 61.8 61.6 -
MG [71] RAFT [54] v 683 53.1 582

CIS [74] PWCNet [52] v 715 63.5 62
DyStaB [73]* PWCNet [52] v 80.0 732 74.2
DeSprite [75]* [54) v 79.1 71.8 72.1
TokenCut RAFT [54] 643 60.2 59.6
TokenCut + BS [5] RAFT [54] 75.1 61.2 56.4
TokenCut + CRF [30]  RAFT [54] 76.7 66.6 61.6
TokenCut ARFlow [36] 62.0 61.0 58.9
TokenCut + BS [5] ARFlow [36] 73.1 64.7 54.6
TokenCut + CRF [30]  ARFlow [36] 744 69.0 60.8
*: [73] is trained on DAVIS and evaluated on FBMS and

SegTV2;

1: [75] is optimized for each video separately.

tations is depicted the principle moving object within the
scene for each frame. FBMS consists of 59 multiple mov-
ing object videos, providing 30 videos for testing with a
total of 720 annotation frames. SegTV2 contains 14 full
pixel-level annotated video for multiple objects segmenta-
tion. Following [71], we fuse the annotation of all moving
objects into a single mask on FBMS and SegTV?2 datasets
for fair comparison.

Evaluation metrics. =~ We report performance using
Jaccard index. Jaccard index measures the intersection
of union between an output segmentation M and the cor-
responding ground-truth mask G, which has been formu-

lated as J = i%gg}

Results.  We compare TokenCut to the state-of-the
art unsupervised video segmentation results in Tab. 3.
Our approach achieves competitive performances for this
task. Note that DyStaB [73] needs to trained on the en-
tire DAVIS training set and use the pretrained model for
evaluation on FBMS and SegTV2 datasets. DeSprite [75]
learns an auto-encoder model to optimize on each individ-
ual video. While our approach is training free and gener-
alized well on all three datasets. The visual results are
illustrated in Fig. 6, our approach can precisely segment
moving objects even in some challenging occlusions, and
adding CRF as a post-processing allows obtaining better
segmentation on the boundary”.

4.4 Analysis and Discussion

Impact of 7.  In Tab. 4, we provide an analysis on
7 defined in Eqn 4. The results indicate that the effects of
variations in 7 value are not significant and that a suitable
threshold is 7 = 0.2 for image input and 7 = 0.3 for video
input.

“The segmentation results of entire videos can be found
in our project webpage: https://www.m-psi.fr/Papers/
TokenCut2022/.


https://www.m-psi.fr/Papers/TokenCut2022/
https://www.m-psi.fr/Papers/TokenCut2022/

(b) Ours (a) GT

(c) Ours + CRF
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Figure 6: Visual results of unsupervised video segmentation on DAVIS [12]. In (a), we show the ground truth
segmentation. For TokenCut, we illustrate its coarse mask in (b) and refinement results with CRF in (c).

Table 4: Analysis of 7. We report CorLoc for unsuper-
vised single object discovery on VOCO07 [16], VOC12
[17] and COCO20K [35, 61] datasets, and Jacard index
on DAVIS [41].

Table 5: Analysis of different backbones. We re-
port CorLoc for unsupervised single object discovery
on VOCO7 [16], VOCI2 [17] and COCO20K [35, 61]
datasets.

CorLoc Jaccard Index Method  Backbone VOCO7[16] VOCI2[17] COCO20K [35,61]
T VOC07[16] VOCI2 [17] COCO20K [35,61] DAVIS [41] LOST[49] DINO-S/16[6,15]  61.9 64.0 50.7
TokenCut DeiT-S/16 [15,55]  2.39 2.9 35
0 674 713 56.1 70.7 TokenCut MoCoV3-S/16 [7,.15]  66.2 66.9 54.5
0.1 68.6 72.1 58.2 74.6 TokenCut DINO-S/16[6,15]  68.8(16.9) 72.1(181) 588 (18.1)
0.2 68.8 721 58.8 75.8 LOST [49] DINO-S/8 [6, 15] 555 570 495
0.3 67.7 72.1 58.2 76.7 TokenCut  DINO-S/8 [6,15] 673 (111.8) 71.6(114.6) 60.7 (1 11.2)
LOST [49] DINO-B/16[6,15]  60.1 633 50.0
TokenCut MAE-B/16[15,20]  61.5 674 477
TokenCut DINO-B/I6[6,15] 688 (18.7) 724(19.1) 59.0(19.0)
Backbones. In Tab. 5, we provide an ablation

study on different transformer backbones. The “-S” and
“-B” are ViT small [6, 15] and ViT base [6, 15] architec-
ture respectively. The “-16” and “-8” represents patch
sizes 16 and 8 respectively. The “DeiT” is pre-trained
supervised transformer model. The “MoCoV3” [7] and
“MAE” [20] are pre-trained self-supervised transformer
model. We optimise 7 for different backbones: 7 is set
to 0.3 for MoCov3 and MAE, while for DINO and Deit
T is set to 0.2. Several insights can be found: /) To-
kenCut is not suitable for supervised transformer model,
while self-supervised transformers provide more powerful
features allowing completing the task with TokenCut. 2)
As LOST [49] relies on a heuristic seeds expansion strat-
egy, the performance varies significantly using different
backbones. While our approach is more robust. More-
over, as no training is required for TokenCut, it might be
a more straightforward evaluation for the self-supervised
transformers.

Bi-partition strategies. In Tab. 6, we study dif-
ferent strategies to separate the nodes in our graph into
two groups using the second smallest eigenvector. We
consider three natural methods: mean value (Mean),
Expectation-Maximisation (EM), K-means clustering (K-
means). We have also tried to search for the splitting point
based on the best Ncut energy (Eqn 1). Note this approach

is computational expensive due to the quadratic complex-
ity. The result suggests that the simple mean value as the
splitting point performs well for most cases.

Video input. We also study the impact of using
RGB or Flow for video segmentation. The quantitative re-
sults are Tab. 7. We can see constructing graph with RGB
and Flow together can importantly improve the perfor-
mances on DAVIS [41]. On FBMS [40] and SegTV2 [32],
due to low quality of optical flow, the performances are
not stable. Using both RGB appearance and flow lead to
slightly improvement without the edge refinement, while
a slightly worse results than using RGB appearance only
after edge refinement. Some qualitative results are illus-
trated in Fig. 7. We can see how RGB frame and optical
flow are complementary to each other: in the first row,
the target moving person shares semantically similar fea-
tures to other audiences and leveraging only RGB frames
would produce a mask cover all the persons; in the sec-
ond row, the flow also has non-negligible values on the
surface of the river, thus using only flow leads to worse
performances.

Video graph.  In Tab. §, we provide an analysis for
different ways to construct. For edges, we also consider



Table 6: Analysis of different bi-partition methods. We
report CorLoc for unsupervised single object discovery
on VOCO7 [16], VOCI12 [17] and COCO20K [35, 61]
datasets.
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Table 8: Analysis of video graph. We report Jaccard in-
dex (J) for video segmentation on DAVIS [41] with dif-
ferent video graphs. “single frame” represent creating the
graph for each frame separately.

Bi-partition ~ VOC07 VOCI2 COCO20K Nodes Edges DAVIS (J)
Mean 68.8 72.1 58.8 Video min(S(v{,v!),S(v{,v])) 737
Energy (Eqn 1) 67.3 69.7 - Video max(S(v/, vi),S(v{,vl)) 71.1
EM 63.0 65.7 59.3 Video St VSO v]) 76.8
K-means 67.5 69.2 61.6 . S(vI v LS (vF v F)
Single Frame — 76.4

Table 7: Analysis of video input. We report Jaccard in-
dex for video segmentation on DAVIS [41], FBMS [40]
and SegTV2 [32] with using input. “RGB + Flow” refers
to using both video RGB frame and optical flow as input.
“RGB” and “Flow” present using only either RGB frames
or optical flow as input. “CRF” indicates whether edge
refinement step using CRF [30] is executed.

Input CRF DAVIS [41] FBMS [40] SegTV2[32]
RGB 51.8 58.4 59.3
Flow 49.9 48.3 46.7
RGB + Flow 64.3 60.2 59.6
RGB v 62.2 67.5 63.7
Flow v 63.1 50.2 50.2
RGB + Flow v 76.7 66.6 61.6

(a) RGB (b) Ffow

Figure 7: Visualization on DAVIS [41] using different
inputs. We show segmentation results with RGB, Flow
and RGB + Flow in (a), (b) and (c) respectively.

(c) RGB + Flow

the minimum and maximum values between the flow and
RGB similarities. For nodes, a natural baseline is to build
a graph for each single frame. We can see that the optimal
choice is to leverage the average value of the flow and
RGB similarities (Eqn. 4) and build a graph for an entire
video.

Limitations.  Despite the good performance of the
TokenCut proposal, it has several limitations, where we
show several failure cases in Fig. 8: i) As seen in the Ist
row, TokenCut focuses on the largest salient part in the
image, which may not be the desired object. ii) Simi-
lar to LOST [49], TokenCut assumes that a single salient
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object occupies the foreground. If multiple overlapping
objects are present in an image, both LOST and our ap-
proach would fail to detect one of the object, as displayed
in the 2nd row. iii) For object detection, neither LOST
nor our approach can handle occlusion properly, which is
showed in 3rd row.

(d) Our
Detection

(a) LOST
Inverse Attn.

Detection Attention

Figure 8: Failure cases on VOC12 (1st and 2nd row)
and COCO (3rd row). LOST [49] mainly relies on the
map of inverse degrees (a) to perform detection (b). For
our approach, we illustrate the eigenvector in (c) and our
detection in (d). Blue and Red bounding boxes indicate
the ground-truth and the predicted bounding boxes respec-
tively.

5 Conclusion

This paper describes TokenCut, an unified and effective
approach for both image and video object segmentation
without the need for supervised learning. TokenCut uses
features from self-supervised transformers to constructs a
graph where nodes are patches and edges represent sim-
ilarities between patches. For videos, optical flow is in-
corporated to determine moving objects. We show that
salient objects can be directly detected and delimited us-
ing the Normalized Cut algorithm. We evaluated this ap-
proach on unsupervised single object discovery, unsuper-



vised saliency detection, and unsupervised video object
segmentation, demonstrating that TokenCut can provide a
significant improvement over previous approaches. Our
results demonstrate that self-supervised transformers can
provide a rich and general set of features that may likely
be used for a variety of computer vision problems.
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