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Abstract

The main paper demonstrated how the object proposal eval-
uation protocol is ‘gameable’ and performed some experi-
ments to detect this ‘gameability’. In this supplement, we
present additional details and results which support the ar-
guments presented in the main paper.

In section 1, we list and briefly describe the different object
proposal algorithms which we used for our experiments.
Following this, details of instance-level PASCAL Context
are discussed in section 2. Then we present the results on
nearly-fully annotated dataset, cross dataset evaluation on
other evaluation metrics in section 3. We also show the
per category performance of various methods on MS COCO
and PASCAL Context in section 4.

1. Overview of Object Proposal Algorithms

Table | provides an overview of some popular object pro-
posal algorithms. The symbol * indicates methods we have
evaluated in this paper. Note that a majority of the ap-
proaches are learning based.

2. Details of PASCAL Context Annotation

As explained in section 5.1 of the main paper, PASCAL
Context provides full annotations for PASCAL VOC 2010
dataset in the form of semantic segmentations. A total of
459 classes have labeled in this dataset. We split these into
three categories namely Objects/Things, Background/Stuff
and Ambiguous as shown in Tables 2, 4 and 3. Most classes
(396) were put in the ‘Objects’ category. 20 of these are
PASCAL categories. Of the remaining 376, we selected the
most frequently occurring 60 categories and manually cre-
ated instance level annotations for the same.

Statistics of New Annotations: We made the following ob-
servations on our new annotations:

*Equal contribution.
"Now at Amgen Inc.

e The number of instances we annotated for the extra
60 categories were about the same as the number of
instances for annotated for 20 PASCAL categories in
the original PASCAL VOC. This shows that about half
the annotations were missing and thus a lot of genuine
proposal candidates are not being rewarded.

* Most non-PASCAL categories occupy a small percent-
age of the image. This is understandable given that the
dataset was curated with these categories. The other
categories just happened to be in the pictures.

3. Evaluation of Proposals on Other Metrics

In this section, we show the performance of different pro-
posal methods and DMPs on MS COCO dataset on various
metrics. Fig. 1a shows performance on Recall-vs-IOU met-
ric at 1000 #proposals on PASCAL 20 categories. Fig. 1b,
Fig. 1c show performance on Recall-vs.-#proposals metric
at 0.5 and 0.7 IOU respectively. Similarly in Figs. 1d,le, If
and Figs. 1g,1h, 1i, we can see the performance of all pro-
posal methods and DMPs on these three metrics where 60
non-PASCAL and all categories respectively are annotated
in the MS COCO dataset.

These metrics also demonstrate the same trend as shown
by the AUC-vs.-#proposals in the main paper. When only
PASCAL categories are annotated (Figs. 1a,1b, 1c ), DMPs
outperform all proposal methods. However, when other
categories are also annotated (Figs. 1g,lh, 1i) or the per-
formance is evaluated specifically on the other categories
(Figs. 1d,le, 1f), DMPs cease to be the top performers.
Finally, we also report results on different metrics PASCAL
Context (Fig. 2) and NYU-Depth v2 (Fig. 3). They also
show similar trends, supporting the claims made in the pa-
per.

4. Measuring Fine-Grained Recall

We also looked at a more fine-grained per-category perfor-
mance of proposal methods and DMPs. Fine grained recall
can be used to answer if some proposal methods are opti-
mized for larger or frequent categories i.e. if they perform



Method Code Source Approach Learning Involved Metric Datasets
objectness* Source code from [1] Window scoring | Yes supervised, | Recall @ t > | PASCAL VOC 07
train on 6 PASCAL | 0.5 vs # pro- | test set, test on
classes and their own | posals unseen 16 PASCAL
custom dataset of 50 classes
images
selectiveSearch* | Source code from [2] Segment based No Recall @ t | PASCAL VOC 2007
> 0.5 vs # | test set, PASCAL
proposals, VOC 2012 train val
MABO, per | set
class ABO
rahtu* Source code from [3] Window Scoring | Yes, two stages. | Recall @ t | PASCAL VOC 2007
Learning of generic | > various | test set
bounding box prior | IoU thresh-
on PASCAL VOC | olds and #
2007 train set, | proposals,
weights for fea- | AUC
ture combination
learnt on the dataset
released with [1]
randomPrim* Source code from [4] Segment based Yes supervised, train | Recall @ t > | Pascal VOC 2007
on 6 PASCAL cate- | various IOU | test set/2012 trainval
gories thresholds set on 14 categories
using 10k and | not used in training
1k proposals
mcg* Source code from [5] Segment based Yes NA, only seg- | NA (tested on seg-
ments were | mentation dataset)
evaluated
edgeBozes* Source code from [6] Window scoring | No AUC, Recall | PASCAL VOC 2007
@ t > various | testset
IOU  thresh-
olds and #
proposals,
Recall vs IoU
bing* Source code from [7] | Window scoring | Yes supervised, on | Recall @ t> | PASCAL VOC 2007
PASCAL VOC 2007 | 0.5 vs # pro- | detection complete
train set, 20 object | posals test set/14 unseen
classes/6 object object categories
classes
rantalankila Source code from [8] Segment based Yes NA, only | NA (tested on seg-
segments are | mentation dataset)
evaluated
Geodesic Source code from [9] Segment based Yes, for seed place- | VUS at 10k | PASCAL 2012 de-
ment and mask | and 2k win- | tection validation set
construction on | dows, Recall
PASCAL VOC | vs IoU thresh-
2012 Segmentation | old, Recall vs
training set proposals
Rigor Source code from [10] | Segment based Yes, pairwise poten- | NA, only seg- | NA (tested on seg-
tials between super | ments were | mentation dataset)
pixels learned on | evaluated
BSDS-500 boundary
detection dataset
endres Source code from [11] | Segment based Yes NA, only | NA (tested on seg-
segments are | mentation dataset)
evaluated

Table 1: Properties of existing bounding box approaches. * indicates the methods which have studied in this paper.
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Table 2: Object/Thing Classes in PASCAL Context

Ambiguous Classes in PASCAL Context Dataset Background/Stuff Classes in PASCAL Context Dataset
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Table 3: Ambiguous Classes in PASCAL Context controlbooth ground road wall

counter hay runway water
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better or worse with respect to different object attributes like dock metal shed wood
area, kinds of objects, etc. It is also easier to observe the fence mountain sidewalk wool

change in performance of a particular method on frequently Table 4: Background/Stuff Classes in PASCAL Context
occurring category vs. rarely occurring category. We per-
formed this experiment on instance level PASCAL Context
and MS COCO datasets. We sorted/clustered all categories

on the basis of:

* Average size (fraction of image area) of the category,
* Frequency (Number of instances) of the category,
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Figure 1: Performance of various object proposal methods on different evaluation metrics when evaluated on MS COCO dataset.

* Membership in ‘super-categories’ defined in MS
COCO dataset (electronics, animals, appliance, etc.).
10 pre-defined clusters of objects of different kind
(These clusters are the subset of 11 super-categories
defined in MS COCO dataset for classifying individ-
ual classes in groups of similar objects.)

Now, we present the plots of recall for all 80 (20 PASCAL
+ 60 non-PASCAL) categories for the modified PASCAL
Context dataset and MS COCO. Note that the non-PASCAL
60 categories are different for both the datasets.

Trends: Fig. 4 shows the performance of different proposal
methods and DMPs along each of these dimensions.

In Fig. 4a, we see that recall steadily improves perhaps as
expected, bigger objects are typically easier to find than
smaller objects. In Fig. 4b, we see that the recall generally
increases as the number of instances increase except for one
outlier category. This category was found to be ‘pole’ which
appears to be quite difficult to recall, since poles are often
occluded and have a long elongated shape, it is not surpris-
ing that this number is pretty low. Finally, in Fig. 4c we ob-
serve that some super-categories (e.g. outdoor objects) are
hard to recall while others (e.g. animal, electronics) are rel-
atively easier to recall. It can be seen in Fig. 5, the trends
on MS COCO are almost similar to PASCAL Context.
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Figure 2: Performance of various object proposal methods on different evaluation metrics when evaluated on PASCAL Context dataset
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Figure 5: Recall at 0.7 IOU for categories sorted/clustered by (a) size, (b) number of instances, and (c) MS COCO ‘super-categories’
evaluated on PASCAL Context and MS COCO.
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