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Diverse Application

Pretraining
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v ONE General model

v'High Accuracy
v’ Fast Adaptation
v'Less data for downstream tasks




High Correlation among Diverse Human-Centric Tasks

Person Reid, Pedestrian Detection, Attribute: Global Information

Human Parsing, Pose: Local Information

pose parsing

attr dete_ction
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HumanBench: Largest Human-centric Datasets in Academy

Pretraining datasets: 11,120,884 images from 37 datasets.

* Diversity of annotations: 6 human-centric (a) Diversity of Images

tasks Scene images Person-centric images
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Pretraining datasets: 11,120,884 images from 37 datasets.
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 Comprehensiveness of 3 evaluation
protocols
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Evaluation Protocols: 3 protocols. Efficiency
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HumanBench: Largest Human-centric Datasets in Academy

Evaluation Protocols: 3 protocols. Efficiency

Backbone

Full Finetuning: Finetune all parameters

using all in the downstream tasks. m
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HumanBench: Largest Human-centric Datasets in Academy

Evaluation Protocols: 3 protocols. Efficiency

Backbone Backbone

Full Finetuning: Finetune all parameters

using all in the downstream tasks. m m

Partial Finetuning: Finetune parameters in Full finetune Partial finetune
the last two layers using all in the
downstream tasks.
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HumanBench: Largest Human-centric Datasets in Academy

Evaluation Protocols: 3 protocols. Efficiency

Backbone Backbone

Full Finetuning: Finetune all parameters

using all in the downstream tasks. m m

Partial Finetuning: Finetune parameters in Full finetune Partial finetune
the last two layers using all in the

downstream tasks.
Head
Head Finetuning: Similar to linear -

evaluation, only parameters in the task head
are finetuned.

Backbone
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HumanBench: Largest Human-centric Datasets in Academy

* In-dataset evaluations: pretraining
subset in the pretraining datasets.

Task Datascts m-data'.sc(
evaluations
Market1501 [54] v
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MPII [ 1] |
Human3.6M [17] v
LIP[14] v
Parsing CIHP 1] v
ATR [41] |
PA-100K [47] v
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HumanBench: Largest Human-centric Datasets in Academy

* In-dataset evaluations: pretraining
subset in the pretraining datasets.

* OQOut-of-dataset evaluations:
pretraining subsets are NOT in the
pretraining dataset, but tasks are

pretrained.

in-dataset  out-of-dataset
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HumanBench: Largest Human-centric Datasets in Academy

* In-dataset evaluations: pretraining
subset in the pretraining datasets.

* OQOut-of-dataset evaluations:
pretraining subsets are NOT in the
pretraining dataset, but tasks are

pretrained.

 Unseen tasks: tasks are NOT in the
pretraining datasets.
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HumanBench: Largest Human-centric Datasets in Academy
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HumanBench: Largest Human-centric Datasets in Academy

* Effective than ImageNet and CLIP

 MAE>CLIP: Visual-Language datasets are NOT

helpful.
 Ours>MAE: HumanBench are better than
ImageNet
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HumanBench: Largest Human-centric Datasets in Academy

* Effective than ImageNet and CLIP

 MAE>CLIP: Visual-Language datasets are NOT

helpful.
Ours>MAE: HumanBench are better than
ImageNet

* Push the limits of states-of-the-art
methods on human-centric tasks

Better results than States-of-the-art methods
on 17 datasets.
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PATH: A Projector Assisted preTraining with Hierarchical weight sharing
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PATH: A Projector Assisted preTraining with Hierarchical weight sharing
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Experimental Results

| Human Parsing Person RelD Pedestrian Detection
| Human3.6M LIP CIHP ATR Market1501 MSMT CUHKO3 SenseRelD CrowdHuman Caltech ()
SoTA 62.5 [30] 60.3 [54] 65.6[54] 97.4[54] 86.8 [20] 61.0[26] 764 [35] 34.6[100] 92.1 [108] 46.6 [27]
SoTA t - - - - 93.0[116] 71.8[116] 77.7[42] - 92.5 [108] 28.8 [27]
| Pose Estimation Pedestrian Attribute Recognition Counting (unseen task)
| COCO  Human3.6M (/) AIC MPII PA-100K  RAPv2 PETA | ShTech PartA (/) ShTech PartB (])
SoTA 75.8 [97] 7.4 [75] - 92.3[95] 83.5([34] 81.0[34] 87.1([34] 94.3 [72] 11.0 [72]
SoTA 77.1 [92] - 32.0[92] 93.3[92] - - - - -
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CLIP 744 9.9 31.1 88.1 76.1 77.0 81.2 117.9 16.3
ViT-B
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Experimental Results

Human Parsing
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