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Human-ODbject Interaction (HOI) Detection

0 HOI Detection
* Predict a set of <human, object, interaction> triplets within an image

O HOI Instance  {[afmme, yhmmen almen, yhoman] [220 52 288 485], ey}

Cuor - [Cobja Caction]

L [ J 0 N Ry
AN, s 1y 7 2N



HICO-DET [1]

0 HOI benchmark
« Training 38,118
« Test: 9,658

O Diversity

« 117 action classes

« COCO'’s 80 object classes
« 600 HOI classes

eating at a dining table boarding an airplane repairing an umbrella herding cows

[1] Chao, Yu-Wei, et al. "Learning to detect human-object interactions." 2018 ieee winter conference on applications of computer vision (wacv). IEEE, 2018.



HOI Detection Approaches

O Two-stage (Bottom-up)
 Build upon an off-the-shelf object detector
* Object & Human Detection =»> Interaction Recognition on Pairs

] One-Stage (T()p-down) Detection & Recognition
 Interaction Points & HOI Pair Matching

Detection

Recognition

ride, straddle

hold



HOI Detection Timeline

Graph-based + Attention

DETR-based
Graph-based + Attention SCG (Dataset Augumentation)
DETR-based
VSGNet DOQ (Graph-based)
Multi-Stream DRG DETR-based
CNN-based (Two-stage) ViPLO
—op-down DETR-based | DDETR-based
.. -base -base T hace
Two-stage Additional Features Weakly-supervised UPT (CLIP, Zero-shot) (DeNoising) ViT-based
One-stage IF ’ g (CLIP, Zero-shot)
HO-RCNN No-Frills VCL
InteractNet TIN PPDM FCL GEN-VLKT SOV-STG HOICLIP
2018 2019 2021
2017 2020 2022 2023
Graph-based Graph-based + Attention Interaction Point ViT-based
GPNN Functional_Generalization PPDM DDETR-based (Mu(lgiti::;l set)
VS-GATs IP-Net (One-stage)
DETR-based QAHOI UniVRD
(One-stage) MSTR
DETR-based

Attention Module Human Part Dataset QPIC
HOITrans

iCAN HAKE AS-Net

HOTR

CDN

DETR-based (Image-level Category Query)

(Human Part)
CQL
PartMap



Advancements of HOID

@ QAHOI

» Use multi-scale feature maps to
utilize features at different scales

@ PQNet

« Parallelize queries to speed up
convergence

® SOV-STG

« Combine the advantages of QAHOI
and PQNet, and introduce denoising
learning

QAHOI Multi-scale
Feature Extractor

Multi-scale
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QAHOI: Query-Based Anchors for Human-Object
Interaction Detection

Chen, Junwen, and Keiji Yanai. "QAHOI: Query-Based Anchors for Human-Object Interaction Detection.” arXiv e-prints (2021): arXiv-2112.



HOI Detection Approaches

O Transformer-based One-stage
« Adapted from Transformer-based object detector DETR

Set-based Prediction

:l ““““““““““ et i

backbone !
set of image featuresEl

transformer
decoder

R

object queries

_________________________________________________

I .
: Low-resolution 1
1 feature maps

QPIC [2]

 Interaction detection

heads
Human box FFN

Object box FFN
Object class FFN
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Motoreycle
Ride, turn, etc.

Ride, turn, etc.

[2] Tamura, Masato, Hiroki Ohashi, and Tomoaki Yoshinaga. "QPIC: Query-based pairwise human-object interaction detection with image-wide contextual information." Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.

[3] Carion, Nicolas, et al. "End-to-end object detection with transformers.” European conference on computer vision. Springer, Cham, 2020.



Motivation

O The spatial distribution of the HOI instances in HICO-DET

« Small objects & Close human-object pairs
« High-resolution feature maps are better to restore detailed features

0 Transformer-based methods lack a multi-scale architecture
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Overview of QAHOI

Multi-scale feature maps from a hierarchical backbone

A new representation of HOI instances: Query-based Anchors
Deformable Transformer Encoder-Decoder Architecture [4]
Training from scratch

Positional Encoding

Multi-scale
Feature Maps Encoded Semantic Feature

Backbone - |
el

a-Z

Deformable | P
Transformer |

Decoder V ﬂ] / He
===p 1x1 Conv
=== Flatten HOI Embeddings

Query Embeddings m_,[ﬂ
m=sp  Linear J .

Positional Embeddings

Interaction

Anchors

[4] Zhu, Xizhou, et al. "Deformable DETR: Deformable Transformers for End-to-End Object Detection.” International Conference on Learning Representations. 2020.



QAHOI: Multi-scale Feature Extractor 11

O Feature Extractor of QPIC

« CNN Backbone + Transformer Encoder [5]

« Low-resolution feature maps from last Stage
O Multi-scale Feature Extractor of QAHOI

« Hierarchical Backbone (CNN-based or Transformer-based) + Deformable Transformer Encoder
« Multi-scale feature maps from multiple stages

QPIC Feature Extractor . .
Backbone Positional Encoding

1/32 img size Transformer Encode Semantic | |
Stage 4 =——p e

AR Encoder AT QAHOI Multi-scale Multi-scale

1 Feature Extractor Feature Maps Encoded Semantic Feature
Stage 3 P 1/16 \
3 |

Stage2 =——>» 1/8 Backbone
Stage 1 == 1/4 |

Positional

Image Encoding

[5] Dosovitskiy, Alexey, et al. "An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale."” International Conference on Learning Representations. 2020.



Comparison with State-of-the-Arts

« Best Model: QAHOI with Swin-Transformer [6] Backbone
« 150 epochs of training

Fine-tuned Default Known Object
Arch. Method Backbone Detection | Full Rare Non-Rare | Full Rare Non-Rare

| IP-Net[16] ResNet-50-FPN X 19.56 12.79 21.58 22.05 15.77 23.92
-g PPDM [9] Hourglass-104 v 21.73 13.78 24.10 | 24.58 16.65 26.84
= GGNet [18] Hourglass-104 v 23.47 1648 25.60 | 27.36 20.23 29.48
HOITrans [20] ResNet-101 v 26.61 19.15 28.84 29.13 20.98 31.57

HOTR [7] ResNet-50 X 2346 16.21 25.65 - - -

HOTR [7] ResNet-50 v 25.10 17.34  27.42 - - -
AS-Net [3] ResNet-50 X 24.40 22.39 25.01 27.41 2544  28.00
g AS-Net [3] ResNet-50 v 28.87 24.25 30.25 31.74 27.07 33.14
. _& | QPIC[15] ResNet-101 v/ 2990 23.92 3169 | 3238 2606  34.27
(19.7%) QAHOI Swin-Tiny X 28.47 2244  30.27 30.99 24.83 32.84
+4.1 QAHOI Swin-Base X 2947 2224  31.63 31.45 24.00 33.68
(13.9%) E QAHOI Swin-Base** X 1 33.58" 25.86  35.88 35.34 27.24 37.76
——— QAHOI Swin-Large** X 35.78 2980 3756 |37.59 31.66 39.36

[6] Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." Proceedings of the IEEE/CVF international conference on computer vision. 2021.



Contribution at Different Spatial Scales
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The ground-truth HOI instances in the test set of HICO-DET is divided into 10 bins
The bins with more than 1,000 instances are selected to display the AP results
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(b) AP results on different center distances.



Qualitative Analysis

O The flexibility of Query-Based anchors

* Far from center
* Close to person or object

(a) ride, elephant (b) ride, elephant

The flexibility of the anchors.

(c) fly, kite (d) fly, kite (e) fly, kite

® Anchors @ Topl00 Anchors

@ Highest Score Anchor
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Parallel Queries for Human-Object Interaction Detection

Object
Decoder

Verb
Decoder

Subject
Decoder




Motivation: More Accuracy and Faster Convergence

O Problems of the previous methods

« Transformer-based one-stage methods

« DETR [Carion et al. ECCV2020] is applied to the HOI task
« The decoding target of DETR is changed

« Human prediction is disentangled

All of the elements are Human and object prediction o .
. : « Maintaining the targets of the object
predicted by the same decoder are tangled in the H-O decoder
detector
|- - - """ —_ - -~ "~ - -0 -777 - __ _ — — T T | |- "-""~"">">"¥"”>"="¥"”"-~"“"=“"="="-“"=“"="="—""/—"“=-—""=/—""/7 1
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: Feature ( : Feature ( H-O : : DETR | Object Query | MLP H C ‘ :
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QPIC [Tamura et al. CVPR2021] CDN [Zhang et al. NIPS2021] Proposed method: PQNet
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Parallel Queries for Human-Object Interaction Detection

0 Overview

Object Attention Subject Attention Verb Attention

Object
Detector

Positional | Bncoder
Embeddings ~————

Global Semantic Feature

EOOEOOH

§"ubject
Decoder

|

A
Qp'

« Parallel gueries are used to split the detecting process

Object Box

Object Class

Verb Class

Subject Box

« The verb decoder focuses on extracting the verb representations




Verb Decoder

O Human-object Embedding Fusion

Global Semantic Feature

NL

by
Ry
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Decoder Layer
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p e
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Decoder Layer

 Two kinds of attention mechanisms
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 The HOEF module is used to form the verb embedding
 The cross-attention module is used to extract verb information from the context

A 4

Verb Embeddings




Experiments

O Compare with current state-of-the-art (SOTA) methods

+3.06
(10.5%)

36.52 ———

Fine-tuned Default Known Object
Method Detector Backbone Feature Full  Rare Non-Rare | Full  Rare Non-Rare
Two-stage
No-Frills [8] X ResNet-152 A+S+P 17.18  12.17 18.68 - - -
RPNN [32] X ResNet-50 A+P 17.35 12.78 18.71 - - -
PMFNet [26] X ResNet-50-FPN A+S+P 1746 15.65 18.00 20.34 1747 21.20
VSGNet [25] X ResNet-152 A+S 19.80 16.05 20.91 - - -
FCMNet [18] X ResNet-50 A+S+L | 2041 17.34 21.56 22.04 18.97 23.12
ACP [13] X ResNet-152 A+P+L | 20.59 15.92 21.98 - - -
DJ-RN [15] X ResNet-50 A+S+P | 21.34 1853 22.18 23.69 20.64 24.60
PD-Net [30] X ResNet-152 A+S+P+L | 22.37 17.61 23.79 26.86 21.70 28.44
DRG [5] v ResNet-50-FPN |  A+S+L | 24.53 19.47 26.04 2798 23.11 29.43
SCG [29] v ResNet-50-FPN A+S 31.33 | 24.72 33.31 34.37 27.18
One-stage
PPDM [16] v Hourglass-104 A 21.73  13.78 24.10 24.58 16.65 26.84
GGNet [31] v Hourglass-104 A 2347 1648 25.60 2736 20.23 29.48
HOITrans [34] v ResNet-101 A 26.61 19.15 28.84 29.13  20.98 31.57
HOTR [12] v ResNet-50 A 25.10 17.34 2742 ; - -
AS-Net [4] v ResNet-50 A 28.87 2425 30.25 31.74  27.07 33.14
- QPIC [24] v ResNet-50 A 2185 3123 | 31.68 2414  33.93
QPIC [24] v ResNet-101 A 2990 23.92 31.69 32.38  26.06 34.27
CDN-S [28] v ResNet-50 A 31.44 27.39 32.64 34.09 29.63 3542
CDN-B [28] v ResNet-50 A 2755 3305 |3453 2973 3596
+0.35 CDN-L [28] v ResNet-101 A 32.07 27.19 33.53 3479 29.48 36.38
(1.1%) PQNet-S v ResNet-50 A 31.92  28.06 33.08 34.58 30.71 35.74
— PQNet-B v ResNet-50 A 2943 3293 | 3468 32.06
PQNet-L v ResNet-101 A 3245 27.80 33.84 35.28 30.72 36.64

3547 —

+0.80
(2.5%)
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Experiments

O The training convergence

- Parallel queries & decoders
* Improve the model’s performance
« Accelerate the convergence

« Compare to previous SOTA

« 2X mAP at the first epoch
« Fast convergence in the first 40 epochs

______________________

—— PQNet-S (w/o verb decoder)
—— QPIC (ResNet-50)

0 20 40 60 80 100 120 140
Epoch



Qualitative Analysis

O The visualization of attention maps
(a1) (az) (b1) (b2) b3)

« CDN concentrate on the object more than
the human

* PQNet learned to focus on the extreme :
points of the target |
 The verb decoder focuses on the whole part of the
human and object but pays more attention to
the interaction regions .l .




Subject Object Verb (SOV) Decoders with Specific Target Guided (STG)

STG DeNoising Initialization

Subject Object
Detection Detection

Veeb 1
Recognition — D D

MBR Shifted MBR Adaptive Shifted MBR



SOV-STG: Focusing on what to decode and what to train

O End-to-end tra|n|ng plpellne GT Object Label ~ GT Verb Label ~ GT Box

Noised GT Box

« SOV framework splits the decoding

STG DeNoising Initialization

process into three parts Object Label Embed  Verb Label Embed Lo
. . Learnable Anchor Box
o o —’.Qov
« STG training strategy efficiently transfers — ovicctrior coer verb prior Coet |
the ground-truth information M ' '
Inference Query Subject Object
Initialization Detection Detection

\ 4
STG Subject Object

o e S Box Box & Class
Training Strategy

> Verb
FrT T T T T T T T T T T T T T T T T T T T Recognition
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SOV-STG: Overview
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» The position information is separated from the context query
« Multi-scale feature extractor and SOV decoders
« Learnable anchor boxes and label embeddings provide prior knowledge for inference and noise removal learning



SOV-STG: Split Target Guided DeNoising

O DN Query

« Two part initialization i
* Object Label DN Query flg
- Verb Label DN Query gy,

« Label Priors
« Learnable Label Embeddings both
used in training and inference

GT Object Label
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‘ randomly flip class

in Np groups
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Object Label Embed

"motorcycle" \
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GT Verb Label
"board", "load" vk

* randomly flip class

in Np groups
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Yladi ustll
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"block", "watch"

Add Noise
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Select from Priors

GT Box

* Scale &
Shift
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Experiments

O The training convergence
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Experiments

O Compare with current state-of-the-art (SOTA) methoc

+4.45%

1/3 epoch

S

Default Known Object
Method Epoch Backbone Full Rare  Non-Rare Full Rare  Non-Rare

QPIC [17] 150 ResNet-50 20.07 21.85 31.23 31.68 24.14 33.93
CDN-S [28] 100 ResNet-50 31.44  27.39 32.64 34.09 29.63 3542
CDN-B [28] 100 ResNet-50 31.78 27.55 33.05 3453 29.73 35.96
CDN-L [28] 100 ResNet-101 32.07 27.19 33.53 3479 2948 36.38
PQNet-S [26] 70 ResNet-50 31.92 28.06 33.08 3458 30.71 35.74
PQNet-B [26] 100 ResNet-50 32.13 2943 32.93 34.68 32.06 3547
PQNet-L [26] 100 ResNet-50 3245 27.80 33.84 35.28  30.72 36.64
HQM (CDN-S) [35] 80 ResNet-50 3247  28.15 33.76 35.17  30.73 36.50
RLIP-ParSe [38] 90 ResNet-50 32.84 34.63 26.85 - - -

MUREN [39] 100 ResNet-50 3287 28.67 34.12 35.52  30.88 36.91
DOQ (CDN-S) [34] 80 ResNet-50 33.28 29.19 34.50 - - -

GEN-VLKT-S [32] 90 ResNet-50 3375 29.25 35.10 36.78 3275 37.99
HOICLIP [40] 90 ResNet-50 34.69 31.12 35.74 37.61 3447 38.54
GEN-VLKT-M [32] 90 ResNet-101 3478  31.50 35.77 38.07 3494 39.01
GEN-VLKT-L [32] 90 ResNet-101 3495 31.18 36.08 38.22 3436 39.37
QAHOI-Swin-L [25] 150 Swin-Large-22K | 35.78 29.80 37.56 37.59 31.36 39.36
FGAHOI-Swin-L [41] 190 Swin-Large-22K | 37.18  30.71 39.11 38.93 31.93 41.02
DiffHOI-Swin-L [42] 90 Swin-Large-22K 39.96 41.96 43.62 41.41 44.28
SOV-STG-S 30 ResNet-50 3380 29.28 35.15 36.22  30.99 37.778
SOV-STG-M 30 J ResNet-101 3487 3041 36.20 37.35 3246 38.81
SOV-STG-L 30 ResNet-101 35.01  30.63 36.32 37.60 3277 39.05
SOV-STG-Swin-L 30 Swin-Large-22K (43.35] 42.25 43.69 4553 43.62 46.11
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Conclusion

O Summary

* A multi-scale transformer-based method, QAHOI for HOI.

* A novel transformer-based one-stage method for HOI detection with
parallel queries.

 Anew way to represent HOI instances based on query-based anchors

0 Future Work

* Fast and Powerful
* Improved Prior Knowledge
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