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A. OVAD Benchmark
A.1. Attribute taxonomy

Figure 1 shows the attribute taxonomy. We grouped at-
tributes by type to simplify and optimize the annotation pro-
cess. This diagram corresponds to the attributes of all ob-
jects. 19 attribute types are displayed in the inner circle of
the radial tree. Each attribute contains its synonyms sepa-
rated by ‘/’. For the human category, color type refers to

clothes color and hair color; pattern type refers to clothes
pattern, and length refers to hair length. Additionally, we
included sitting as an attribute to the position type and bald
as an attribute to the hair length type. In total, we obtain
117 distinct attributes for the OVAD benchmark.

A.2. Attribute distribution

Figure 2 shows the long-tailed attribute distribution of
positive annotations in the OVAD dataset. Following previ-
ous works [5, 9], we split attributes in three subsets ‘head’,
‘medium’, and ‘tail’ according to the number of positive in-
stances annotated in the OVAD dataset. To split the classes
into ‘head’, ‘medium’, and ‘tail’, we defined two thresholds

thigh = median(f) + std(f), and;
tlow = median(f)− std(f)/10.

where f is the frequency vector of the number of positive an-
notations. ‘head’ corresponds to 15 attribute classes whose
frequency is above thigh, ‘tail’ are the ones below tlow com-
posed of 49 attribute classes, and ‘medium’ corresponds to
53 attribute classes, the ones whose frequency is between
thigh and tlow.

A.3. Dataset size analysis

To show that the size of the OVAD dataset is sufficient
for a reliable evaluation of the OVAD task, we analyze
the standard deviation of the performance of the OVAD-
Baseline-Box. Figure 3 shows the standard deviation of
the mAP for the frequency-defined subsets: ‘all’, ‘head’,
‘medium’, and ‘tail’. We randomly selected differently-
sized subsets of images from the OVAD dataset for this
analysis. The size of the subsets range from 3% to 33%
of the total number of images in the OVAD dataset. We
evaluated the OVAD-Baseline model, where ground-truth
bounding boxes are provided during evaluation. The max-
imum size of a subset is set to 33% to obtain at least three
non-overlapping sets of images, which is required for a reli-
able calculation of the standard deviation. We conducted
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Figure 1. The figure shows the taxonomy of attribute categories as a radial tree. The 117 attribute categories are divided into 19 attribute
types, shown in the first circle. Certain attribute types are repeated for the human category, where the color includes hair color and clothes
color. Similarly, pattern refers to clothes pattern, length refers to hair length, and tone refers to hair tone.

this experiment six times using different data shuffles to
select the splits. In every run we selected a maximum of
six non-overlapping splits (for every data size percentage)
and computed the standard deviation of the mAP per size of
the subset. Then, we average the standard deviation across
the six experiments and report the results in Figure 3. We
observed that the standard deviation decreases as the size
of the subset increases. At 23%, the standard deviation is
lower than 1% for all attribute partitions, and the standard
deviation of the ‘tail’ attribute classes is similar to ‘head’
and ‘medium’ attribute partitions. When the ‘tail’ attribute
curve is extrapolated to 100% of the dataset size (2000 im-
ages), the standard deviation is estimated to be less than
0.3%.

B. Dataset Creation

B.1. Annotation process

As mentioned in the main paper, the OVAD dataset is
fully annotated by humans following strict guidelines to
achieve consistent and dense annotations (guidelines are at-
tached at the end of the supplementary). The annotation
process started from scratch for attributes to avoid any pre-
existing errors from previous datasets. We utilized the iden-
tified 19 attribute types and the taxonomy to facilitate the
annotation process. We randomly selected 2000 images
from the 2017 validation set of MS COCO dataset and used
the object annotations as a starting point.

The annotation system offers a drop-down list of at-
tributes for feasible attribute types for each object instance.
For every object, the annotators marked one of the attributes
within every attribute type as positive or unknown. For ev-
ery attribute type, our system allows only one possible at-
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Figure 2. The �gure shows the attribute frequency distribution in the OVAD benchmark. Bar colors correspond to the frequency-de�ned
subsetshead, mediumandtail.

Figure 3. Standard deviation of the mAP performance for the
oracle OVAD baseline. We show the scores on differently-sized
non-overlapping subsets of images, from 3% to 33% of the OVA
dataset. All splits (`all', `head', `medium', and `tail') show a de-
creasing behavior as the number of images increases. At 33%, the
standard deviation is lower than 1% for all attribute splits.

tribute selection. We consider all attributes under the same
attribute type mutually exclusive except for two types -
color andstate. We use this exclusiveness property to auto-
matically annotate negative attributes by considering all the
non-selected attributes (from that attribute type) as negative
or unknown. For the attribute typecolor, which is not exclu-
sive, the annotation system offered the possibility to select
more than one option as positive. The non-selected colors
were either considered negative or ignored depending on the
number of colorsattribute. The typestateconsiders a wide
range of attributes that are not all mutually exclusive, but
some are antonym pairs (e.g. wet/dry, open/close). In this
case, only the antonyms of the positive-selected attribute
were marked as negative, and the rest as unknown.

It is worth noting that the taxonomy and exclusiveness
property was exploited for the benchmark annotation only.
It is neither available for training the models nor for pre-
dicting the attribute scores, which is done in an open-
vocabulary fashion. Providing the attribute classes or the
taxonomy to the model during training is against the pur-
pose of the proposed benchmark.

B.2. Annotation quality control

We followed a progressive annotation approach. Each
annotator received an initial set of images along with the
annotation guidelines. Then, a second annotator revised the
same set and, based on the annotation guidelines, corrected
and completed the missing annotations. Once the annota-
tions were revised, the �rst annotator received feedback.
We repeated this process until a reasonable quality of anno-
tations was achieved (approx. �ve sets of 50 images each).
The progressive process resulted in high annotation quality,
with a revision of approximately 80% of the annotations.
The remaining 20% of the annotation had only one annota-
tion round, corresponding to the last sets annotated by the
trained annotators.

To test the annotation quality of the above-mentioned re-
vised and remaining set of images, we selected 10% of the
data from each of the two sets to perform a second inde-
pendent annotation from scratch by the experienced anno-
tators and measured the consistency of annotations. As a
result, we obtained an overall consistency of 89.44% for the
revised images and 86.35% for the remaining non-revised
set. Additionally, we considered a golden set of 50 images
which all the annotators had to do at the end of the annota-
tion process. For this set we obtained an overall consistency
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of 91.26%� 2.79. This consistency metric includes positive,
negative, and unknown annotations.

B.3. Human bias in attribute annotation

Attribute-level annotations are prone to human biases,
which can cause ambiguous type errors, especially in the
case of unclear images. We make extensive quality checks
to minimize such errors. At least 80% of the images were
revised by a second annotator to establish consistency and
correctness of the annotations. On average, annotators spent
12 minutes per image annotating all attributes that apply.
While revising, annotators spent approximately 3 minutes
per image. The average hourly wage was 12 Euros per hour.
Our dataset was annotated by fourteen annotators from 6
nationalities, different age groups, sex, and skill levels. This
ensures our annotations are balanced for cultural, age, and
sex biases.

B.4. Exceptions in attribute annotation

Our annotation process offers restricted options to an-
notate based on the object class category. It does not al-
low infeasible annotations for each attribute category.E.g.,
there is no attribute annotation for the `material' of a per-
son or `cooked' state for a skateboard since it is irrelevant
in most of the cases. However, there can be exceptions such
as a photo of a person on a banner or a cake in the form
of a skateboard. Some of such exceptions are also missed
due to stereotyping.E.g., if there is a car, the annotator
might label its material as metal even when it is visually in-
discernible. One of the limitations of this work is that our
annotation process does not consider such exceptions, thus
adding some noise to our annotations.

Figure 4 shows some examples of exceptions and corner
cases in which some attributes are missed due to our annota-
tion system. For every image, the highlighted attributes cor-
respond to the exception cases. For the �rst and second row,
there is a limitation of not considering speci�c attributes for
different objects such as `material' for `apple', `person', or
`cake', and `clothes color' for `teddy bear'. For other cases,
our annotation system includes the corner cases and selects
the correct attribute. The third and fourth row of Figure 4
shows the possibility of selecting `material' for animals or
a different material for some vehicles.

B.5. Dataset annotations and visualization

Our dataset annotations can be found in our web page:
https://ovad-benchmark.github.io . They are
in a json �le. The format of the annotations is compatible
with the MS COCO annotations. Attribute annotations for
every instance correspond to a list under the key “attvec”
with values of 1, 0, and -1 corresponding to positive, neg-
ative and unknown labels respectively. The attribute list is
also included in the json �le. Additionally, we offer a visu-

alizer in our project web page. It includes a search system
by object and attribute. We distinguish between base and
novel object classes and positive, negative and unknown at-
tribute classes using color codes.

C. Supervised Ablation

C.1. OVAD supervised training ablation

To check the feasibility of the OVAD task using our
dataset, we perform a supervised 4-fold cross-validation ex-
periment to get an upper bound performance. For each
run, we consider the 500 image set as the test set and
�ne-tune a ResNet50 [6] architecture pre-trained on Im-
agenet [4] using the remaining 1500 images. We train
the multi-label attribute classi�cation model in the box-
oracle setup. The model achieves an average performance
of 48.16� 0.52 mAP compared to the chance performance
of 8.29� 0.06mAP. For reference, our OVAD-Baseline-Box
achieves 23.30� 0.76mAP on the same splits.

C.2. Cross­dataset transfer ablation

Our primary interest lies in the OVAD task, which con-
siders all attributes as novel categories. However, in order
to investigate the potential transfer of knowledge from pre-
vious benchmarks to our OVAD benchmark, we conducted
an ablation experiment. We trained two ResNet50 networks
using the cropped objects from the COCO Attributes [8] and
VAW [9] datasets, respectively. We trained a multi-label at-
tribute classi�cation model using the box-oracle setup, in-
corporating a projection layer at the end of the network to
obtain vector representations of the same dimension as the
CLIP text encoder. We computed the similarity between
every attribute encoded by the CLIP text encoder and the
object visual vector. We train the models using binary cross
entropy loss with the positive and negative attribute labels
from the datasets. Our models achieved a performance of
15.96 mAP and 18.20 mAP on OVAD (box-oracle setting)
after training on the COCO Attributes and VAW datasets
respectively.

D. OVAD-Baseline

D.1. Implementation details

Our OVAD-Baseline method uses ResNet50 [6] as back-
bone, pre-trained on ImageNet [4], for the detector model
F and the CLIP text encoder [10] as the language modelG.
Similar to CLIP, we use the cosine similarity (Equation (1)
in the main paper) between the visual representationf b of
the object's bounding box and the text class embeddinggc

for applying the classi�cation losses during training and for
calculating the prediction scores during inference.

We set� to 50 during training and testing for both ob-
ject and attribute prediction. The temperature parameter is
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