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S1 COCO-UniHuman Dataset Statistics

Fig. S1: Statistics of the COCO-UniHuman benchmark. (a) The gender distribution of
COCO-UniHuman is biased towards male. (b) The age distribution ranges from [1, 84]
and is biased towards young adults, since images are from public Internet repositories.

In Fig. S1, we show statistics of our proposed COCO-UniHuman dataset.
The plots show the distribution of the gender and the apparent age. We find
gender and age biases existed in the widely used COCO dataset. The occurrence
of men is significantly higher than women in COCO dataset. More specifically,
male to female ratio is about 65:35. In addition, the dataset has an unbalanced
age distribution. The apparent age distribution ranges from [1, 84], and it is
mainly concentrated between the ages of 25 and 35. Analyzing and addressing
the gender and age bias in the computer vision system can also be an important
topic in the AI community. Future work could also use our benchmark dataset
to comprehensively measure and analyze such biases, but it is out of the scope
of this paper.
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S2 COCO-UniHuman Dataset Annotation

Obtaining the reliable apparent age is challenging even for human perception.
The apparent age will be influenced not only by the real age, but also by other
biological and sociological factors of “aging”. Therefore, there are significant vari-
ations on appearance among people of the same age. In this work, we propose
the body-based and two-stage annotation strategy to improve the age annota-
tion quality. We also conduct some experiments to show the effectiveness of the
proposed age annotation strategy.

S2.1 Body-based vs face-based annotation strategies.

In this study, we design experiments to compare three different annotation strate-
gies. (1) face-based without face alignment, where the annotation is based on
the cropped face image, (2) face-based with face alignment, where face cropping
and face alignment pre-processing [57] is applied before annotation, (3) body-
based, where the annotation is based on the cropped body image. We randomly
selected 500 sample person images, and applied the aforementioned 3 strategies
to process the data individually, and obtained 3 data sets. We also randomly
divided 30 well-trained annotators into three groups of 10 annotators each. Each
data set was labeled by one group of annotators. Each annotator was asked to
independently give votes of apparent age for the whole data set. As a result,
for each body or face image, we have 10 votes. We take the average of the 10
votes as the ground-truth age annotation, and calculate the Age-5 and Age-10
consistency separately. Age-n consistency is defined as:

1

K �N
∑

1≤i≤N
1≤j≤K

Ifjxi,j � x∗i j � ng � 100%; (1)

where N = 500 is the total number of images, and K = 10 is the number of
votes for each image. xi,j is the j-th vote for the i-th image, while x∗i means the
ground-truth age annotation for the i-th image.

Table S1: Comparisons of age annotation strategies.

Annotation Strategy Age-5 Age-10
face w/o alignment 75.3 93.5

face w/ alignment [57] 78.2 96.5
body 80.9 98.1

From Table S1, we find that the body-based age annotation is better than the
face-based age annotation, indicating that the whole-body image contains richer
visual cues for age estimation. Interestingly, we also find that face alignment will
help improve the age estimation consistency even for human annotators.
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S2.2 Two-stage vs one-stage annotation strategies.

In this study, we design experiments to compare the two-stage and one-stage an-
notation strategies. For one-stage annotation, we directly annotate the apparent
age of the subject. For two-stage annotation, we first annotate the age group
and then label the apparent age based on the age group. Table S2, shows that
two-stage annotation strategy improves the annotation consistency.

Table S2: Effect of two-stage age annotation.

Annotation Strategy Age-5 Age-10
One-stage age annotation 80.9 98.1
Two-stage age annotation 82.1 98.5

S3 More Experimental Analysis

Multi-task co-learning can mitigate over-fitting. From Fig. S2, we ob-
serve that training task-specific models on “Person” category only will easily
lead to over-fitting problem, the performance decreases with increasing number
of epochs. Specifically, in this experiment, we compare the common 1x, 2x, and
4x training settings for RCNN-based methods (i.e. Faster-RCNN, Mask RCNN),
and compare 50-epoch and 100-epoch settings for DETR-based methods (i.e.
DINO, Mask DINO, and our HQNet). The models are trained using MMDe-
tection [4] with suggested hyper-parameters. We report the Average Precision
(AP) for both human detection (solid lines) and the human instance segmenta-
tion (dashed lines) on COCO-UniHuman val set. Interestingly, we find that our
presented multi-task co-learning (HQNet) can mitigate the over-fitting problem,
and the performance consistently improves with the increasing training epochs,
demonstrating good scalability.

S3.1 General class models vs person-specific models

In Table S3, we compare general 80-class models and person-specific models on
COCO-UniHuman val set. We find that person-specific models achieve slightly
better performance than the general 80-class models for human analysis. The
asterisk * denotes models trained to handle general 80 classes. All models are
evaluated on “Person” category without Small person. As shown in previous
section, training on “Person” category only may lead to over-fitting problem. In
the experiments, we report the best result for these baseline models. Specifically,
Faster R-CNN is trained for 1x, Mask R-CNN for 2x. More details can be found
in the section of “Details about Baseline Models” below.
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Fig. S2: Results of human detection (solid lines) and segmentation (dashed lines) with
different training schedules on COCO-UniHuman val set. For RCNN-based models,
we choose 1x, 2x, and 4x training settings. For DETR-based models, we use 50-epoch
and 100-epoch training settings.

Table S3: Comparison of general 80 class models and person-specific models on the
COCO-UniHuman val set. We report AP for the “Person” category without Small
category person. “R” is ResNet [13], and “FPN” is feature pyramid network [23]. The
asterisk * denotes models trained to handle general 80 classes.

Model Backbone Det. Seg.

AP APM APL AP APM APL

Faster R-CNN∗ R-50 63.0 59.8 68.1 ✗ ✗ ✗

Faster R-CNN R-50 65.3 61.5 71.2 ✗ ✗ ✗

Mask R-CNN∗ R-50-FPN 64.1 60.5 69.6 56.3 50.1 63.9
Mask R-CNN R-50-FPN 66.7 62.3 73.1 58.4 51.8 66.2

S3.2 Effect of HumanQuery-Instance Matching

In Table S4, we quantitatively analyze the effect of HumanQuery-Instance (HQ-
Ins) Matching on COCO-UniHuman val set using the ResNet-50 backbone. Note
that we use the standard 100-epoch training setting in the experiment. We report
AP for ‘Det’, ‘Seg’, ‘Kpt’, ‘Gener’, and ‘Age’, which represent detection, keypoint
estimation, instance segmentation, gender and age estimation respectively. We
show the effectiveness of our proposed HumanQuery-Instance Matching in mak-
ing the optimization of multi-task HCP learning more consistent and achieving
better balance of multiple human-centric analysis tasks.

S3.3 Qualitative Results

In Fig. S3 and Fig. S4, we show some qualitative results of HQNet with ResNet-
50 backbone. In Fig. S3, we show some qualitative results on COCO-UniHuman
val dataset for human detection, human pose estimation, human instance seg-
mentation and human attribute recognition, and human mesh estimation. The
model can recognize the gender and age of different people In Fig. S4, we vi-
sualize the results of human detection and tracking (same color for same id),
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