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Task: Human-object Interaction Detection
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Existing Methods & Contribution of the Paper

1. Extract human features & objects features
using object detection network.

2. Pair these features exhaustively.

3. Fed feature pairs into a multi-branch deep neural network
to detect the relationship between humans and objects.

= It does not explicitI?/ utilize the interaction information
or the spatial relations between pairs.

= Graph Convolutional Branch, Spatial Attention Branch
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Spatial Attention Branch
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1. Obtain Human bounding boxes and object bounding boxes
from a pre-trained object detector.
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Spatial Attention Branch
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2. Human, object, and context visual features are extracted from
the image using Rol pooling.
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Spatial Attention Branch
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3. Using binary maps of human and object locations,
spatial attention features are extracted using convolutions.
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Spatial Attention Branch
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4. Attention features are multiplied to refine the visual features by
amplifying the pairs with high spatial correlation.
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Spatial Attention Branch
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5. The refined feature vector is then used to predict the interaction
proposal score of human-object pair Ao.

iho = o(Wip(£))

ho

Refined Visual
Features
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Graph Convolutional Branch

Interaction
Proposal Scores

1. Define the humans and objects as nodes
and only connecting edges between human-object pairs.
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Graph Convolutional Branch

Interaction
Proposal Scores

2. Previous works defined the adjacency as visual similarity.
In this work, however, define adjacency values between
h and o pair as interaction proposal score
Qho = Qph = Tho
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Graph Convolutional Branch
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Model Architecture
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Figure 2. Model Architecture. Rounded regtan
cation. The model consists of three main b
refines the visual features by utilizing the s
features by considering humans/objects as

are extracted features and @ is element-wise multipli-
ject and context features. Spatial Attention branch
r. Graph Convolutional branch extracts interaction
class probabilities from each branch and the inter-
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Experimental Results

Graph7|gt->

T

Graph”|gt->
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<Comparison with SOTA>

<Ablation Study>

Branches mAP(Sc 1) | mAP(Sc 2)
Visual (Base) 47.3 52.15
Visual+Graph 48.19 53.12
Visual+Spatial 50.33 55.32
Visual+Spatial+Graph(VSG) 51.76 57.03

V-COCO mAP(Sc 1) | mAP(Sc 2)
InteractNet [ /] 40.0 47.98
Kolesnikov et al. [ 1 3] 41.0 -
GPNN [21] 44.0 -
iCAN [4] 45.3 52.4
Lietal. [15] 47.8 -
VSGNet 51.76 57.03
HICO-DET (mAP) | Full Rare | Non-Rare
HO-RCNN [ 1] 7.81 5.37 8.54
InteractNet | /] 9.94 7.16 10.77
GPNN [2 1] 13.11 9.34 9.34
iCAN [4] 14.84 | 10.45 16.15
Lietal. [15] 17.03 | 13.42 18.11
VSGNet 19.80 | 16.05 20.91

J. Y. Choi. SNU

Table 4. Analysis of the branches. Our base model consists of
only the Visual branch. We add the graph branch and the spatial
attention branch to this base model separately to analyze their per-
formances. Individually, both branches improve the performance
upon the base model. Visual+Spatial model beats the state of the
art results and all three branches combined adds another 1.5 mAP.




Experimental Results
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Figure 5. Qualitative results. Red values show the confidences for the base model (Visual only) and blue values are the results for the
VSGNet. The prediction results and the correct action labels are shown for the human-object pair visualized with the bounding boxes.
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Paper Reproducing

KXZE GithubOfl &7l 2ES 7| 2822 §TorA L L
(https://github.com/ASI\/IIftekhar/VSGNet)

Branch: master v | \/SGNet / scripts /
JEOo| AX :

B AsMiftekhar Comment Fixed

o s < Metric®l mAPE HAHSHE BE
0wl mpyeocopy  <- Metric®l mAPE A 4H5h= ZE (APl ALE)
D dataloaderveocopy <~ Dataset2 25 B Image, Label Minibatch ‘-d

[ helpers_preprocess.py <- Label M X El, loU :I'I'Ol'E s &S HOotF ZE

Y main.py <- EEJEHO' A|II-_6|' = Ma| —:'L

[ model.py <- VSGNEt MOde|O| —_rL_I-:I Elo-l Q) E E

D pool_pairing.py <- RolPool, human- object feature paring0| #+ei&[0] /= ZE
[ pred_vis.py < - A|7_I|'§|-§ _?_l'(')l;l- Al—_@_'é‘l.Xl (L)ol- 8

[ prior vcoco.py <- object detector ETE'I O| prlorg 7|'X:|2 = dCE

[ proper_inferance_file.py <- |nfereﬂce% SID"l_CIil- :l I: (A|-R_L|-X| (L)ol-g
J. Y. Choi. SNU O train testpy <- Training loop®} TestE &4l metricE &&= ZE


https://github.com/ASMIftekhar/VSGNet
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2. =& L& Sl Code Implementatione S5£5}7| 2ot 382 Z,
SMAES 250 ZE= HERUS

—
O [ calculate_ap_classwise py st H 293 kB
O [ calculate_map_vcoco py 2e A 2.25kB
O [3 dataloader vcoco py 2e A 3.57kB
(O [ helpers_preprocess py 2e A 12.7 kB
O O main.py 22 599kB
O DO main_ywkimpy <« - main %F_)r_ reimp|ementation BteE A 280kB
O [ model py 22 11.3kB
O B modelywkimpy <- model SF reimplementation B d 975kB
O 3 people jpg 394 192 MB
O O pool_pairing py 282 423 kB
O [3 pred_vis py 22 ®  437kB
O [ prior_vecoco.py 2e A 679 B
O O proper_inferance_file py 282 3.56 kB
O O train_test py 282 16.1 kB

O Duantestywkimpy <~ train_test 3 reimplementation HEH  11.0KB
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3. main_ywkim.py ZE9]

TS AHA|9]

2 Zotls L L
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: Jupyter main_ywkim.pyv 20200501

Edit View Language

import torch

import torchvision

import json

import torch.nn as nn

import json

import sys

import warnings

from torch. utils.data import Dataset, Dataloader

from dataloader_vcoco import Rescale, ToTensor,vcoco_Dataset,

from torchvision import transforms
import numpy as np

import random

import os

from tgdm import tqdm

import torch.optim as optim

from model _ywkim import Y3GNet
from train_test_ywkim import train_test

Warn

ings.filterwarnings("ignore")

device= torch.device( cuda')

num_epochs = 50 MK
batoh aloe- Hyperparameter
seed=10

torch.manual_seed(seed)

torch.backends. cudnn. deterministic = True
torch.backends . cudnn. benchmark = False

ng.r
rand
05 . e
tore
tore
def

andom . seed(seed)

om. seed{seed)

nviron[ "PYTHONHASHSEED '] = striseed)
h.cuda. manual _seed(seed)

h.cuda. manual_seed_al | (seed)
_init_fn{worker_id):

np. random. seed{int (seed))

veoco_col late
} |

Function,
Library
Import

Seed

SpN|
= O
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#with openl’. . /infos/directory. fson’) as fo! all data dir=json. lead{fp)
all_data_dir = ' /&1 _data_vcoco/'

annotation_train=al | _data_dir+'4nnotat ions_vcoco/train_annotat ions., json’
image dir_train=all_data dir+'Data_veoco/train2old)

annotat ion_val=all _data_dir+'Annotat ions veoco/val _annotat ions, json'
image_dir_wval=all_data_dir+'Data_vcoco/train20id,”

annotat ion_test=al | _data_dir+ Annotat lons_vcoco/test_annotat ions, json'
image dir_test=all data_dir+'Data_vcoco/val2014/!

yooco_train=vcoco_Dataset {annotat ion_train, image_dir_train, transform=transforms. Compose([Rescale((400,400)) ToTensor()]))
yooco_val=vcoco_Dataset (annotation_val, image_dir_val, transform=transforms.Compose( [Rescale( (400,400)), ToTensor{)]))
yooco_test=vcoco_Dataset (annotat ion_test, image_dir_test, transform=transforms.Compose([Rescale((400,4000), TaoTensor(J1]1)

#import pab/pdb.set trace!)
dataloader_train = Dataloader {vcoco_train, batch_size,

shuffle=True,col late_fn=vcoco_col late, num_workers=8, warker_init_fn=_init_fn)#wm workers=hatch size
dataloader_val = Dataloader{vcoco_val, batch_size,

shuff le=True,col late_fn=vcoco_col late, num_workers=3,worker_init_fn=_init_fn)#wm workers=batch cize
dataloader_test = Dataloader(vcoco_test, batch_size,

shuff le=False,col late_fn=vcoco_cal late, num_workers=8, worker_init_fn=_init_fn)#um workers=bateh s/ze

dataloader={ 'train':dataloader_train, 'val':dataloader val, 'test':dataloader_test} —

model = YSGNet ()

Model 7211

for name, p in model.named_parameters(): OFC}O i
if name.split(" ")[0] = 'Conv_pretrain': T I—I-—l Convolutlonal layer
p.requires_grad = False freeze

J. Y. Choi. SNU
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75 optiml = optim.SG0(model .parameters(), 1r=0.001, momentum=0.3, weight_decay=0.0001) -
74

Th

76 lambdal = lambda epoch: 1.0 if epoch < 10 else {10 if epoch < 28 else 1)

77 lambda? = lambda epoch: 1

78 lambdas = lambda epoch: 1

79 scheduler=optim. Ir_scheduler.LambdalR{optiml, lambdal)
80 S— 1
51 model = nn.DataParal lel (model) SGDE MOdel Traln
2 model . toldevice)

83

24 epoch = 0

Sh mean_best = 0

a6

57 train_test(model, optiml, scheduler, dataloader, num_epochs, batch_size, epoch, mean_best)

A —
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4. O|H0|= model_ywkim.py ZE2| X & XiA|o| 2HSESL|LC

108
109
110
111
112

o
LTS s B B D TR ) R S ]

def forward{self, x, pairs_info, pairs_info_augmented, image_id, flag_, phase):

outt = self.conv_pretrain(x) <- pretrained ResNet152 modelZ Image0i|A] CNN Featuremap= €=

rois_people, rois_objects, spatial_locs, union_box = ROl .get_pool_locloutl, image_id, flag_, size=pool_size, spatial_scale=25,

hatch_size=len(pairs_infao))

#aA Defining The Fooling (Operations #3345

«,y=outl.size()[2],out1.size()[3] inAol= stAE _ i
hum_poo | =nn. &vgPool 2d(pool_size, padding=0,stride=(1,1)) RO|POO|Ing |-L 5T = pre define
obj_pool=nn.&vgPool2d(pool_size,padding=0,stride=(1,1)) (Average Poollng Af%)

context pool=nn.&vgFool2d{ (x, ), padding=0,stride={1,11)

JJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJ

J. Y. Choi. SNU
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A Humarnd#id

residual _people=rois_people
res_people=self . Conv_people(rois_peoplel+residual _people
res_av_people=hum_pool {res_people)

Spatial Attention Feature A
> W P, T
out?_people=self.flat(res_av _people) CNN (@) _{:::;;::}’.“
o e
E Pair-wise Human
#40bject s#H Object Boxes v !

residual_objects=rois_objects
res_objects=self . Conv_ohjects(rois objects)+residual _objects
res_av_objects=ob]_pool{res_objects)
out?_objects=self . flat(res_av_objects)

Spatially W i
X Refined P ::(x Py,
Features W phDRef X

B S it Graph
Convolutional E
s PO Network
HiAF Context #HHHEH ResNet CNN Feats

residual _context=out1i
res_context=self . Conv_context (out1)+residual _context
res_av_context=context_pool (res_context)
out?_context=self . flat({res_av_context)

P I O b e g g B e b e

Visual branchO|| 3. Human feature/ object feature/ context feature €= F&

J. Y. Choi. SNU 21
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146 # Attention Ffeatures ##

147 a_ho = self W_Spat{self.flat{=elf. Conv_spatial{union_box))) Pair-wise Human f Ve
_ Object Boxes 2

Spatial Attention Feature [ W ] p A
> (@) e

Spatiall i
Human X R%ﬁneg We o ::C

Features Ref

Ri? I WRef p ho 1

Residual
+
GAP Graph
Convolutional
¥ 4 Network
ResNet CNN Feats

Spatial BranchOi| Sl . Binary map= CNNO|| S1}A|7{ Spatial Attention Feature a_hoE €= F=
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149 HEH Making Essential Falr ingdiaiadadssd
150 pairs, people, objects_only = ROl .pairing(out?_people, outZ_objects, out2_context, spatial_locs, pairs_info
101 B A A A A A A A A A A A A A

Pair-wise Human
Object Boxes

Human

Spatially i

Refined il ::C
Rol Features w Ref ]
+ 0

Residual
+
GAP Graph
Convolutional
Network

ResNet CNN Feats

. - HHd

Human feature®} object feature = StLIA pairingdt O] concatenated featureE €= F =
Ol & =0{ O|O[X] LHOJA AFEFO] MW, M7 U7} AZEEIRCHH & 1270 2] concatenated features -8
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163
154
165
166
157
165

Concatenated feature0|| Spatial attention featurE &=0ol Spatially refined featureE €11,
O|E 7[|HBt2 2 interaction proposal score i_ho2t prediction score p_RefE Y=

A#F Interaction FProbability #HAH
f_Vis = self W vis(pairs)

f Bef = f_¥is ~ a_ho

i_ho = self W_IP(f_Ref)

interact ion_prob = self . signoid(i_ho)
p_Ref = self . W Ref (f_Ref)

J. Y. Choi. SNU
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CNN @) 0

Spatial Attention Feat / .
patial Attention Feature \ @pnm

160 ##E Prediction frowm atfention features
161 .
162 p_Att = self W_Att(a_ho) Pair-wise Human f

Object Boxes

- .
Spatially —| w }., i Y
Human X Refined i fe X p,,
Features Ref
by Pa f

Residual
+
GAP Graph
Convolutional —
— Network
ResNet CNN Feats
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A#F (Graph model! base siructure
people_t = people

objects only = objects_only
combine_g = []

people f = []

objects_ []

pairs_f
start_p
start_o
start_c

[a—

[ | B |

Lo - R - B B |

_ | Spatial Attention Feature A
CNN (aho) @p""

for batch_num, | in enumerate{pairs_info):

#H Slicing ##H _
people_this_batch = people_t[start_p @ start_p + int{I1[0])] Pair-wise Human fve

num_pea = lenipeople_this_batch) _Obiect Boxes Spatially W i
Human X Refined - " :(
Rol Features w phnRef y

objects_this_batch = abjects_only[start_o @ start_o + int{I[1]
# because first fndex means no object
no_objects_this_batch = objects_only[start_o @ start_o + int(l

K Graph N
num_ob] = len{objects_this_batch) GAP pr
Convolutiona
interact ion_prob_this batch = interaction_prob[start_c @ start. . Network y

i (T0]) « int

if num_chj ==
people_this_batch_ r = people this_batch # r means refine
objects_this_batch_r = no_objects_this_batch.view([1, 1024])
else:

peo_to_obj_this_batch = torch.stack{[torch.cat({i, j)) for ind_p, | in enumer
enumerate(objects_this_batch)])
obj_to_peo_this_batch = torch.stack{[torch.cat({i, j)) for ind_p, | in enumer

enumerate(people_this_batch)])
Graph2| Node®! Human, object 2| node featureE 7t e 2=
J. Y. Choi. SNU
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LA I B 5 e O g g R

## Adiacency #H#

adj_| =[]
adj_po = torch.zeros([num_peo, num_obj]). cuda() _
adj_op = torch.zeros([num_obj, num_peo]].cuda() Pair-wise Human fve
Object Boxes v .
T Spatially
for index_probs, probs in enumeratelinteraction_prob_this | Human X Refined
if index_probs % (num_obj + 1) 1= 0: Rol Features
; +
adj_|.append{probs) Residual
+
adi_po = torch.cat{adi_I) view({len(adi_|),1)# no gradient GAP Coga;ﬁﬁgna
adj_op = adj_po Graph
i Network Human
ResNet CNN Feats

#aA Finding out Hefined features #3%#

peaple_this_batch_r = people_this_batch + torch.mm{ad] po.view([num_peo,num_objl), self W ohlobjects this_batch))

objects_this batch + torch.mm{adj_op.view([nun_peo, num_obj]).t{), self.W holpeople_this_batch))
tarch.cat {{(no_objects_this_batch.view([1, 1024]), 4
ohjects_this batch_r))

objects_this batch_r
ohjects_this_batch_r

Interaction proposal scoreE 7|82 2 graph?| adjacencyE /8435t
Graph convolutiong Tast= £ &
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A#d Reconsiruct ing #3#

people_f  append(people_this_batch_r)
people_t_f = people_this_batch_r
objects_f . appendiobjects_this_batch_r)
objects t_f = objects_this_batch_r

Spatial Attention Feature

CNN
pairs_f.append{torch.stack{[torch.cat{{i, JJ) for ind_p, i in
for ind_o, | in enumerat
. Pair-wise Human
## foop fncrement for next batoh __ Object Boxes
start_p += int(I1[0])
start_o += int{I1[1]) Rol
start_¢ += int{i[0]) = int(i[1]) +
Residual
people_graph = torch.cat (people_f) GAP

objects_graph = torch.cat{objects_f)
pairs_graph = torch.cat (pairs_f)

p_Graph = self . W graph{pairs_graph)

Spatially
Refined

Features

(a,)
thVfS
Y
Human X
Graph
Convolutional
Network

Human-object pairE CtA| T8¢t 2, prediction score p_GraphE €= F&
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Paper Reproducing Result

Branches mAP(Sc 1)) mAP(Sc 2) | [t E N
Visual (Base) 3 52.15 46.75

Visual+Graph 48.19 53.12 52.37

Visual+Spatial 50.33 55.32 -
Visual+Spatial+Graph(VSG) 51.76 57.03 54.57

Table 4. Analysis of the branches. Our base model consists of
only the Visual branch. We add the graph branch and the spatial
attention branch to this base model separately to analyze their per-
formances. Individually, both branches improve the performance
upon the base model. Visual+Spatial model beats the state of the
art results and all three branches combined adds another 1.5 mAP.

<=&0| Al ReportE V-COCO datasetOf| M2 H& X[H>

cf) Reproducing = M= 4 APIE AME5I0 d& X|®HE W A0| OFL{O{ A
O|2 ¢lot @AIL S 5= USLIC

Ol
A

Code =2~ : https://github.com/ascii1203/VSGNet
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