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Abstract

Semantic segmentation, by which an image is decom-
posed into regions with their respective semantic labels, is
often the first step towards image understanding. Existing
research on this regard is mainly performed under two con-
ditions: the fully-supervised setting that relies on a set of
images with pixel-level labels and the weakly-supervised
one that uses only image-level labels. In both cases, the
labeling task is time-consuming and laborious, and thus
training data are always limited. In practice, there are volu-
minous on-line images, which unfortunately often have only
incomplete image-level labels (tags) but would otherwise be
potentially useful for a learning-based algorithm. Only lim-
ited efforts have been attempted on using such coarsely and
incompletely labelled data for semantic segmentation. This
paper proposes a new approach to semantic segmentation
of a set of partially-labelled images, using a formulation
considering information from multiple visual similar im-
ages. Experiments on several popular datasets, with com-
parison with existing methods, demonstrate evident perfor-
mance improvement of the proposed approach.

1. Introduction
In the era of Internet and social media, there are more and

more images posted on-line. Often, such on-line data lack
sufficient textual annotation desired by learning-based algo-
rithms. To make such data more useful, efforts have been
devoted towards tasks like image sentiment analysis [27],
image tagging[5][7][28] and image classification[35][26],
targeting at producing labels for the images. In the labeling
effort the finest granularity one could achieve is to perform
semantic segmentation [3], which may classify each pixel in
one image into a proper class/label. Both fully-supervised
and weakly-supervised approaches exist.

In the fully-supervised setting, a set of images with pixel-
level labels are available. In [21], all pixels in one super-
pixel are assumed to have the same label and Markov Ran-
dom Field (MRF) was used to capture the context infor-

mation to help improve the local superpixel-level labeling.
Limited availability of fully-labeled data is a practical con-
straint for such approach. In [20][21], region-based cues
are used to build exemplar-SVMs to gain the final labeling.
However, there is one obvious disadvantage: users have to
label each pixel in the dataset, which is time-consuming and
involves a lot of manual work. In the weakly-supervised set-
ting, data with only image-level labels are assumed. Most
existing work further assumes that the labels are “complete”
in the sense that the image-level label set for a given image
contains all possible labels we may assign to any pixel in
that image. This setting has been used in [29][11][25].
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Figure 1. Two images with partially and fully image-level labels

Figure 2. Illustrating the problem studied in this paper: the left
panel represents the input to our algorithm, which are a set of im-
ages with partial image-level labels (one demo shown in Figure 1),
and the right panel is the output of segmented images with labeled
pixels. A formal problem definition is shown in Section 3.

The abundance of images with tags on social media plat-
forms provides the opportunity for obtaining large-scale
training sets without laborious manual labelling. However,
in reality, even if we may be able to obtain a lot of images



with a desired set of semantic tags (and use the tags as se-
mantic labels for simplicity), the majority of on-line images
would still have only incomplete image-level labels, espe-
cially for user-generated images. That is, it is unrealistic
to expect tags associated with an on-line image would hap-
pen to cover all semantic concepts we need to employ for
segmentation. Therefore, in order to utilize the vast on-line
images, we face the task of how to label each pixel in each
image (i.e., semantic segmentation), given a set of images
with partial image-level labels. Figure shows a demo of one
image with partially image-level labels, while our task is il-
lustrated in Figure 2. One similar work is [34], which only
considers using information from one image only and does
not consider the fact that visually similar superpixels across
different images also are likely to have the same labels. In
this paper, we work on this problem from one new aspect by
proposing an approach based on conditional random fields
(CRFs), which attempts to employ all possible sources of
information in the dataset to deal with the challenge of in-
complete labels.

The contributions of the paper are as follows. First, we
propose a novel formulation for a new problem of semantic
segmentation with partial image-level labels. Second, under
the proposed multi-image model, we propose an efficient
solution and demonstrate with comparative experiments its
effectiveness.

The organization of the remainder of the paper is as fol-
lows. We first give a brief literature review on related works
in Section 2. Then, a detailed description of the problem
and our proposed approach are provided in Section 3. To
show the performance of our proposed method, experiments
are reported in Section 4. We conclude our work and present
our future work in Section 5.

2. Related Works
We briefly review below two classes of related re-

search on semantic segmentation: those relying on fully-
supervised learning and those utilizing only weakly-
supervised learning. As is evident from the following dis-
cussion, the distinction between these two classes of ap-
proaches is mainly on the granularity of labelling for the
training data.

2.1. Fully-supervised Semantic Segmentation

As described in Section 1, in fully-supervised seman-
tic segmentation, labels of each pixel or superpixel in the
training set are known. There are a lot of existing efforts
on this regard. In [19], Jamie Shotton et al. proposed se-
mantic texton forests to do semantic segmentation using a
bag-of-semantic-textons model, where only simple features
of superpixels were used. To improve the performance,
some other approaches attempt to consider neighboring in-
formation of different superpixels. In [9], Pushmeet Kohli

et al. proposed to use higher order CRFs to capture such
information of a set of pixels. Since high-order CRF mod-
els do not model the relevance of semantic labels, in [13],
Heesoo Myeong et al. proposed to use high-order seman-
tic relations to capture the context information in images
and then transfer semantic labels from a labeled image to
another unlabeled image. Besides tree-structure algorithms
and graphical models (like CRF, MRF), active learning and
deep learning are also applied to semantic segmentation re-
cently. In [16], Gemma Roig et al. proposed a MAP infer-
ence method based on active learning, which is in fact one
semi-supervised method. In [18], to improve the Recursive
Context Propagation Network (RCPN), two revisions were
made: one is to solve the potential problem because of the
special structure of RCPN, which can help reduce the com-
plexity of the network structure; the other is to consider the
context information by building a Markov Random Field on
the modified structure. This is one recent work on applying
deep network to capture the context information of different
superpixels for semantic segmentation.

Obviously, one key limitation of the fully-supervised ap-
proaches is the requirement of a set of images with pixel-
level (or superpixel-level) labels. Due to the cost associated
labeling, generally speaking one cannot assume the avail-
ability of high-quality and large-scale training data.

2.2. Weakly-supervised Semantic Segmentation

Because of the strong requirement of fully-supervised
semantic segmentation, research on finding new techniques
to solve weakly semantic segmentation becomes popular.
Liu et al. worked on dual clustering for semantic segmenta-
tion by constructing two clusterings on smoothness and also
the relation between image features and superpixel-level la-
bels [11]. Besides the dual clustering method, many other
approaches are also proposed to solve weakly supervised
semantic segmentation. For example, Vezhnevets et al pro-
posed to use active learning in [23], and multiple instance
multi-task learning to solve weakly semantic segmentation
in [22]. It may be difficult to learn superpixel-level labels
from only one image. In [24], a multi-image model was pro-
posed, which builds a graphical model on the entire dataset.
More recently, a graphical model was also proposed in [4],
where multiple instance learning and CRF are combined.
Besides CRF-based methods, structural information from
different superpixels was also considered in [32][33][31],
using the concept of graphlets. Recently, semantic rele-
vance has also been studied in the weakly-supervised cases.
For example, in [30], hypergraphs were used to capture the
high-order semantic relevance, instead of only the second-
order relevance in [29], and in [14], deep learning tech-
niques are used to find the pixel-level labeling. In [34], Wei
Zhang et al. studied one new practical case in which each
image is assumed to have part of image-level labels and also



maybe some incorrect labels.
While apparently less stringent than the fully-supervised

cases, the image-level labels in existing methods of weakly-
supervised semantic segmentation are still assumed to be
complete, i.e., the set of labels of a given image captures
all possible semantic labels that can be assigned to pixels of
that image. As discussed previously, this limitation makes it
difficult to utilize vast amount of on-line pictures that would
otherwise be useful for the learning task. Our study in this
paper is intended to address this issue by considering using
information from the entire dataset instead of only one im-
age. We will formally define the problem and present our
solution in the next section.

3. Proposed Approach
Based on the previous discussion, we formally define the

following problem of this study: Given a set of images with
incomplete image-level labels, to predict all pixel-level la-
bels for each image in the set. The image-level labels in-
dicate possible objects in one image, while the pixel-level
labels are the final desired segmentation and classification.
The incompleteness of labels for an image means that this
image may contain some objects/regions which cannot be
assigned to any of the given classes in its label set. For
example, an image with four objects, car, street, sky, and
grass, may have only a set of image-level labels, say car
and sky. Still, in the final segmentation, the correct results
should properly label those regions corresponding to the
missing labels (street and grass). Apparently, the missing
information needs to be figured out by considering the en-
tire set of images. This is schematically illustrated in Figure
2. In this work, we employ the concept of superpixel [15],
and assume that pixels within the same superpixel share the
same label. This helps simplify the problem to some extent
for better tractability.

We use the following notations in the rest of the presenta-
tion. Denote one image set with N images by A = {Ii, i ∈
{1, · · · , N}}, which has corresponding partial image-level
labels L = {Li, i ∈ {1, · · · , N}}. Pixels are denoted
by pi,j , j ∈ {1, · · · ,Mi}, i ∈ {1, · · · , N} where pi,j is
the jth pixel in the image Ii which has Mi pixels in to-
tal. Similarly, superpixels of the image Ii are denoted by
xi = {xi,j , j ∈ {1, · · · , ni}} where xi,j is the jth super-
pixel in the image Ii which has ni superpixels in total. Also
we use Li,j to denote the label of the jth superpixel’s label
in the image Ii.

3.1. Formulating the Problem

In our problem, the input images do not have superpixel-
level labels. Further, the images do not have a complete
set of semantic labels. Evidently, in general the full infor-
mation needed for labelling an image needs to be inferred
from other images. The multi-image model introduced in

[24] may be employed except that complete labelling was
assumed therein. Our basic strategy in modeling the prob-
lem with incomplete labels is to construct a conditional ran-
dom field (CRF) for capturing these types of probabilistic
associations: visually-similar superpixels are likely to have
the same labels (but two similar superpixels may have dif-
ferent likelihoods belonging to the same label, depending
on if they are from the same image or from different im-
ages), nearby superpixels tend to share labels, and the final
label set of an image is a superset of the given (incomplete)
label set. Graphically, a basic component of the overall CRF
model may be illustrated by Figure 3.
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Figure 3. Illustrating the basic component of the proposed CRF
model. Each superpixel is related to others via the shown connec-
tions. See text for definitions of the symbols. The entire set of
image forms an overall CRF by combining all the basic compo-
nents corresponding all superpixels.

In Figure 3, xi,j is the jth superpixel of the image Ii
in the dataset. Si,j is the set of spatial neighbors of xi,j ,
defined as the superpixels which are located next to xi,j in
the image Ii. Mi,j is the set of visually-similar neighbors
of xi,j , defined as superpixels which are located in those
images sharing common image-level labels as Ii. Vi,j is
the set of visually-similar neighbors of xi,j , defined as su-
perpixels which are located in the images without common
image-level labels with Ii. To help illustrate how the nodes
and connections on the final CRF link the entire image set
together, we depict in Figure 4 a visual example with exem-
plar images and their superpixels explicitly shown.

Based on the structure described above, we can have
the complete energy function for our CRF-based model as
given in Eqn.1:

E({Li,j ,j ∈ {1, · · · ,Mi}, i ∈ {1, · · · , N}}, θ, α) =∑
xi,j ,∀i,j

(φ(xi,j , Li,j , θ) + λ(Li,j , Ii))+

α1

∑
(xi,j ,x

′
i,j)∈Si,j ,∀i,j

ϕ(Li,j , L
′

i,j)+

α2

∑
(xi,j ,x

′
i,j)∈Mi,j ,∀i,j

ϕ(Li,j , L
′

i,j)+

α3

∑
(xi,j ,x

′
i,j)∈Vi,j ,∀i,j

ϕ(Li,j , L
′

i,j) (1)
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Figure 4. Illustrating basic components of the proposed CRF
model with sample images. Shown are some superpixels of three
images I1, I2, I3. These superpixels are separated by red bound-
aries and their positions in their corresponding images are marked
by the black rectangles. I1 and I2 have one common image-level
label, while I1 and I3 have no common image-level labels. A
basic CRF component is shown in light green color and is built
on xi,j . Each circle represents one node in CRF. In this exam-
ple, we only set Mi,j = {mi,j} and Vi,j = {vi,j} and their size
is one. It is easy to see there are six elements in Si,j , which is
{ski,j , k ∈ {1, 2, · · · , 6}}.

where α = [α1, α2, α3] controls the contributions of each
potential terms, φ(xi,j , Li,j , θ) is the unary potential which
gives the energy caused by the fact that the label Li,j is
assigned to the superpixel xi,j . λ(Li,j , Ii) relates to how
likely Ii has the label Li,j . It can be the negative of the
possibility that the image Ii has the label Li,j , computed
by [5]. For the pairwise potential, we use the Potts model,
where the function ϕ(·) is given as Eqn.2.

ϕ(Li,j , L
′

i,j) =

{
1 if Li,j 6= L

′

i,j

0 otherwise
(2)

3.2. An Inference Algorithm

Exact solutions for achieving the extrema of Eqn.1
would require exponential complexity and thus cannot be
obtained unless it is for datasets of trivial complexity. Ap-
proximate approaches to inference under similar graphical
models have been developed over the years. Examples in-
clude Loopy Belief Propagation [12], Graph cut [6], Simu-
lated Annealing [1], and etc. In this work, we adopt Iterated
Conditional Modes (ICM) [8] in developing an inference
algorithm, owing to its simplicity and in turn efficiency in
dealing with a large model like ours. The key idea of the
ICM-based algorithm is based on the iterative update: when
computing the label of one superpixel, labels of the others
are assumed to be fixed. For each superpixel xi,j , its label

Li,j is computed by (Eqn.3):

Li,j = arg min
l
φ(xi,j , l, θ) + λ(l, Ii)+

α1

∑
(xi,j ,x

′
i,j)∈Si,j

ϕ(l, L
′

i,j)+

α2

∑
(xi,j ,x

′
i,j)∈Mi,j

ϕ(l, L
′

i,j)+

α3

∑
(xi,j ,x

′
i,j)∈Vi,j

ϕ(l, L
′

i,j) (3)

The entire algorithm based on the above core ICM iteration
is given in Algorithm 1.

Algorithm 1 An Algorithm Based On ICM
1: Input: Energy function (Eqn.1), one potential label set
L̃ of each superpixel xi,j

2: Output: the label Li,j of each superpixel xi,j , j ∈
{1, · · · ,Mi}, i ∈ {1, · · · , N}

3: BEGIN:
4: initialize each xi,j using random element from L̃ and

store initialized labels of each superpixel in Y1, Y2.
5: while check the stop-condition do
6: for each superpixel xi,j , j ∈ {1, · · · ,Mi}, i ∈
{1, · · · , N} do

7: tmp = ∅ and Consider Si,j ,Mi,j and Vi,j of xi,j .
8: for each l in L do
9: compute the local energy (denoted as e) by

assuming each superpixel has the label as that in Y1 ex-
cept that xi,j has the label Li,j = l

10: tmp = tmp ∪e.
11: end for
12: Set the label of xi,j in Y2 as l

′
which has the

smallest local energy.
13: end for
14: Y1 = Y2.
15: end while

3.3. Key Implementation Details

We now present a few key technical details that are nec-
essary to fully implement the proposed solution. We use
the SLIC algorithm proposed in [2] to obtain superpixels for
images in our experiments and also compute the histogram-
based features for superpixels and images, following the
method of [21]. Before constructing the entire energy func-
tion of Eqn.1, we first train one SVM classifier using a very
small image set. In this small image set, there are about two
images per label and full pixel-level labels of each image are
provided. Labeling this subset requires less manual work.
More details are shown in Section 4. This pre-trained SVM
classifier supplies a measurement for the unary potential in



the proposed model, i.e., the function φ(·) given in Eqn. 4.

φ(xi,j , Li,j , θ) =

{
ρ if Li,j 6= L

′

i,j(θ)

0 otherwise
(4)

where L
′

i,j(θ) is the predicted label of xi,j by the pre-
trained SVM with model parameters θ, and ρ is the penalty.

For the term λ(Li,j , Ii), we compute it using the method
proposed in [5], which does image-tagging and can provide
a ranked list of all possible image-level labels which are
likely to be shown in the corresponding image. λ(Li,j , Ii)
is the negative value of the likelihood that the image Ii has
the label Li,j .

For pairwise potentials, we need to consider different
neighboring relations. For one superpixel xi,j , there are
three sets of neighbors we need to compute: Si,j , Mi,j

and Vi,j . For one given superpixel xi,j , the spatial neigh-
bor set Si,j can be estimated using image erosion/dilation
(note that typically superpixels are irregular in shape). This
is illustrated in Figure 5. For the other two sets of neigh-
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Figure 5. Illustrating how to find the spatial neighbors of one given
superpixel xi,j shown in (a). First we need to get the image (b)
which is the mask of xi,j . Then we can apply the image dilation
to (b) to get the image (c). By computing the difference of images
(b) and (c), the final mask (d) is obtained. Comparing (d) and
the original image (a), we can easily get Si,j which consists of
super-pixels which overlap with the final mask (d).

bors, we can obtain them by Algorithm 2, in which the
normalized Euclidean distance is used to compute the sim-
ilarity between different images and superpixels, based on
the image/superpixel features defined above. We emphasize
that such neighboring relations are defined based on the pro-
posed CRF model and thus they reflect physical constraints
imposed by the given labels (and their interaction) and geo-
metrical proximity, in addition to visual similarity.

Algorithm 2 Algorithm to compute Mi,j and Vi,j
1: Input: {Ii, Li}, {xi,j}, j ∈ {1, · · · ,Mi}, i ∈
{1, · · · , N}, D1(·) which is the function to compute
the distance between two images and D2(·) which is to
compute the distance between two superpixels.

2: Output: Mi,j , Vi,j , j ∈ {1, · · · ,Mi}, i ∈ {1, · · · , N}

3: BEGIN:
4: // To compute SMi, SVi.
5: for i = 1,· · · , N do
6: for j = 1, · · · , N, i 6= j and Li ∩ Lj 6= ∅ do
7: Compute the similarity D1(Ii, Ij).
8: end for
9: Find the top q most similar images, denoted as SMi.

10: for j = 1, · · · , N, i 6= j and Li ∩ Lj == ∅ do
11: Compute the similarity D1(Ii, Ij).
12: end for
13: Find the top q most similar images to Ii, denoted as

SVi.
14: end for

15: for each superpixel xi,j , j ∈ {1, · · · ,Mi}, i ∈
{1, · · · , N} do

16: // we have SMi and SVi of Ii
17: // and will construct SPMi,j and SPVi,j

18: SPMi,j = ∅, MSSi,j = ∅, ∀i, j.
19: for each superpixel x

′

i,j in each image I ′ ∈ SMi do
20: Find the top pmost similar superpixels to xi,j based

on D2(xi,j , x
′

i,j)

21: Denote these p superpixels as MSSi,j and also we
set SPMi,j = SPMi,j ∪MSSi,j

22: end for
23: Find top k most similar superpixels to xi,j from

SPMi,j , which are Mi,j of xi,j .

24: SPVi,j = ∅, MSSi,j = ∅, ∀i, j.
25: for each superpixel x

′

i,j in each image I ′ ∈ SVi do
26: Find the top pmost similar superpixels to xi,j based

on D2(xi,j , x
′

i,j)

27: Denote these p superpixels as MSSi,j and SPVi,j =
SPVi,j ∪MSSi,j

28: end for
29: Find top k most similar superpixels to xi,j from

SPVi,j , which are Vi,j of xi,j
30: end for

3.4. Comparison With MIM

The proposed method bears some similarity to the Multi-
Image Model (MIM) of [24], since both consider a set of
images simultaneously. To appreciate the key difference
easily, we provide the energy function of the MIM below



(Eqn.5):

E({Li,j , j ∈ {1, · · · ,Mi}, i ∈ {1, · · · , N}}, θ) =∑
xi,j ,∀i,j

(ψ1(xi,j , Li,j , θ) + π(Li,j , Ii))+∑
(xi,j ,x

′
i,j)∈Si,j ,∀i,j

ϕ1(Li,j , L
′

i,j , xi,j , x
′

i,j)+

∑
(xi,j ,x

′
i,j)∈Mi,j ,∀i,j

ϕ1(Li,j , L
′

i,j , xi,j , x
′

i,j) (5)

where π(Li,j , Ii) is zero if the label Li,j is one image-level
label of the image Ii and it is set to infinity otherwise. More-
over, ϕ1(·) is given as follows:

ϕ1(Li,j , L
′

i,j , xi,j , x
′

i,j) ={
1−D(xi,j , x

′

i,j) if xi,j , x
′

i,jare different
0 otherwise

(6)

where D(·) is one similarity metric.

Eqn.5 clearly indicates one strong requirement on the
labels, imposed by the choice of π(·). Because of that
function, MIM cannot be used to solve the general prob-
lem defined in this paper. In our formulation, to solve the
more general and practical problem, we relaxed the strong
requirement in MIM by introducing a new π(·) function
plus one additional pairwise potential to better capture vi-
sual similarity of superfixels (those across images and do
not have common image-level labels). These resulted in
the new model of Eqn.1. In fact, compared with both for-
mulations, we can see that MIM is one special case of our
approach, which is used to deal with the less challenging
situation where images have completely image-level labels.

4. Experiments

In this section, we demonstrate the effectiveness of the
proposed approach based on comparative experiments us-
ing the following three datasets: one synthetic dataset, the
MSRC-21 dataset [19] and the Siftflow dataset [21]. For the
synthetic dataset and the MSRC-21 dataset, we make com-
parison with the approach in [24], which is among the state-
of-art methods in the literature. For the Siftflow dataset, we
provide our experimental results and compare with exist-
ing approaches in the fully-supervised case and the ordi-
nary weakly-supervised case. The comparison is based on
two metrics: per-pixel accuracy (denoted as pp and shown
in Eqn.7) and average per-class accuracy (denoted as p̄c and
shown in Eqn.9). To compute these measures, we need the

size of each superpixel xi,j , which is denoted by size(xi,j).

pp =

∑
i,j δ(Li,j − L

′

i,j)size(xi,j)∑
i,j size(xi,j)

(7)

pcl =

∑
i,j δ(Li,j − l)δ(Li,j − L

′

i,j)size(xi,j)∑
i,j δ(Li,j − l)size(xi,j)

(8)

p̄c =
1

|
⋃
Li|

∑
l

pcl (9)

In the above definitions, L
′

i,j is the predicted label and Li,j

is the ground truth of the label of xi,j , and pcl is the pixel-
level accuracy for all the pixels whose label is l. Also
|
⋃
Li| is the total number of potential labels .

4.1. Synthetic Dataset

The simulation is designed as follows. First, we generate
one synthetic dataset that has 30 pairs of observation images
and labelmaps. An observation image is a 200×200 gray-
scale image while its labelmap is a 200×200 image whose
pixel values are the labels of its corresponding observation.
For each observation image, we split it into 20×20 super-
pixels, each of which has 10×10 pixels. Moreover, we as-
sume that all pixels in one superpixel have the same label
and labels are from this set: {1, 2, 3, 4, 5}.

To generate each pair of one observation image and its
labelmap, we run the following procedure:

1. We first generate one labelmap randomly and make
sure that labels of pixels in the same superpixel are the
same.

2. The corresponding observation image is generated
based on the new labelmap.

3. The inference algorithm runs for 200 iterations to ob-
tain the final pair of observation image and labelmap.

(a) For each iteration, we use the current labelmap
and the observation image to generate a better la-
belmap whose energy is smaller. Then based on
the new generated labelmap, we generate the new
observation image.

During the above procedure, we set the total number of it-
erations to be 200 since at this iteration the observation-
labelmap pair is already stable. Besides the number of it-
erations, we set the relationship between one observation
image and its labelmap as the Gaussian distribution whose
standard variation is set to be 10. Samples of the con-
structed dataset are shown in Figure 6. The average size
of the complete image-level labels is 3.46. To generate par-
tial image-level labels, we randomly remove one label from
the complete image-level labels. The parameters k, q and p
we set in this simulation are 21, 3, 5, respectively.



Figure 6. This figure shows some pairs of the observation and the
labelmap generated in the synthetic dataset. The first row consists
of labelmaps while the second one consists of observation images.
For each column, it is a pair of one labelmap and its observation.

The synthetic dataset was then used to compare the per-
formance of the proposed approach and the MIM method.
The MIM method would simply assume whatever labels
given for an image is complete. The final results are sum-
marized in Table 1. From these results, it is obvious that the
MIM method lags the proposed approach by a large margin.
We also note the difficulty of the task (even if the dataset is
synthetic), since a lot of source of uncertainties were intro-
duced in the process of creating the data. This explains why
the overall accuracy numbers are not very high for either
approach.

pp p̄c
MIM [24] 51.15% 29.81%
Proposed 76.74% 42.72%

Table 1. Comparing with the MIM model on the synthetic dataset.

4.2. MSRC-21 Dataset

In this dataset, there are 591 images and 21 objects 1

in total. We split the dataset into two parts: Set one and
Set two, both are the same as those used in [19]. As a re-
sult, there are 276 images in Set one, 256 in Set two. Also
we call the union of Set one and Set two as the Entire Set.
To get the pre-trained SVM classifier, we randomly choose
42 images out of 59 images which consist of the valida-
tion set as in [19]. The average numbers of the complete
image-level labels for Set one, Set two and the Entire Set
are 2.4710, 2.4492 and 2.4605, respectively. To generate
partial image-level labels, we randomly remove one label
from each complete image-level label set. So the average
sizes of Set one, Set two and Entire Set decrease by 40.4 %,
40.8% and 40.6%, respectively. In this experiment, param-
eters k, p and q are set to be 10, 3 and 8, respectively.

1There are 23 objects in total, but 2 of them are not considered by
Microsoft research. So we only use 21 objects. Details are shown in the
dataset which is available on Microsoft research.

The per-class accuracies from the proposed and the MIM
method for Set one, Set two, and the Entire Set are plotted
respectively in Figure 7, Figure 8 and Figure 9. Overall, the
performance gains of the proposed method over MIM are
5%, 3% and 2% respectively for Set one, Set two, and the
Entire Set.
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Figure 7. Comparison of per-class accuracies for Set one. The first
column is the average performance of two algorithms. The left 21
columns are for each object.
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Figure 8. Comparison of per-class accuracies for Set two. The first
column is the average performance of two algorithms. The left 21
columns are for each object.

In addition to per-class accuracy, we also provide the per-
pixel accuracy in Table 2, where it is clear that the proposed
approach was able to outperform MIM by large margins on
all the sets of data.

The above results demonstrated the effectiveness of the
proposed approach in dealing with incomplete image-level
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Figure 9. Comparison of per-class accuracies for the Entire Set.
The first column is the average performance of two algorithms.
The left 21 columns are for each object.

Set one Set two Entire Set
MIM in [24] 43.33% 39.44% 41.82%

Proposed 56.69% 52.80% 53.08%
Table 2. The per-pixel accuracies pp of our approach and MIM in
[24].

labels. It is worth pointing out that the MIM method re-
ported higher performance numbers in [24], where it was
studied as an ordinary weakly-supervised approach with
complete image-level labels for training. Our experimen-
tal setting is more realistic for simulating the scenario of
learning with Web images. In this experiment, considering
the dropped label per image, the label set suffers a loss of
around 40% labeling information compared with the case
where images have complete image-level labels. The pro-
posed approach, even if with only a very simple ICM-based
inference algorithm, was shown to be able to better deal
with the incomplete label data.

4.3. Siftflow Dataset

In this experiment, we show the performance of our al-
gorithm on the Siftflow dataset [21]. This dataset consists
of 2688 images and 33 labels. We use the entire training
set which has 2488 images, as defined in [17]. The av-
erage number of image-level labels for each image in the
entire Siftflow dataset is 4.4297 and for the part we use,
on average, there are 4.3881 labels per image. To simulate
incomplete image-level labeling, we create partial image-
level labels for each image by randomly removing one la-
bel from the original label set. This means we remove
22.79% label information on average for each image. Dur-
ing the experiment, parameters k, p and q are set to be
10, 3 and 8, respectively. Our results are: pp = 57.09%

and p̄c = 22.34%. Since the related work do not report
the per-pixel accuracy (pp) on this dataset, we only report
the per-class accuracy (by quoting) in Table 3, including
the results from some fully-supervised methods ([19][10])
and weakly-supervised methods assuming complete image-
level labels ([24][25][11][31]). From the table, we see that
our approach was able to deliver nearly comparable perfor-
mance, although we subject our approach to the heavy loss
of information, while the competing methods either utilize
pixel-level labels or assume and use complete image-level
labels.

[24] [25] [19] [10] [11] [31] Ours
14% 21% 24% 24% 26% 27.73% 22.34%

Table 3. Average per-class accuracy p̄c from our approach and
those from a set of competing approaches, either fully-supervised
or weakly-supervised with complete image-level labels. The re-
sults above are in percentage.

5. Conclusion & Future Work

We identified a key limitation in existing methods for se-
mantic segmentation and proposed a new multi-image for-
mulation for addressing the limitation. An inference algo-
rithm was designed for finding a solution under the pro-
posed multi-image model. To demonstrate the effectiveness
of our algorithm, we performed experiments on both syn-
thetic data and real datasets including MSRC-21 and Sift-
flow. While current results have shown advantages of the
proposed method, there are still a few leads for future explo-
ration. In particular, current results indict that some classes
have low per-class accuracy, possibly due to their rare pres-
ence in the images. Such information (some classes being
rare), if known a priori, may be explicitly factored into the
formulation so that rare classes do not get overshadowed by
other more common classes.
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