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Abstract

As an important issue in video classification, human social relationship recognition has gradually
become a research hotspot in the field of computer vision. Due to the large amount of video infor-
mation, excessive redundant information and less key frames, how to accurately identify the key
information in the video and carry out social relation reasoning is of great importance. To this end,
this paper proposes a multi-scale graph reasoning model to identify video social relationships. First,
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we extract the temporal and spatial features and semantic object information in the video to ob-
tain a rich and Lupin representation of social relations. Then use different receptive fields to per-
form temporal reasoning through multi-scale graph convolution, and capture the interaction be-
tween characters and semantic objects. In particular, we use the attention mechanism to evaluate
the effect of each semantic object in different scenarios. The experimental results on SRIV dataset
show that the method proposed in this paper is superior to most advanced methods.
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Figure 1. Multi-scale graph reasoning model structure
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Figure 2. People-objects graph model structure
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Figure 3. Graph convolution block with multi-scale receptive field
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Table 1. The statistics of the number for each class on SRIV
%2 1. SRIV L HMARIMKEITH=

Sub-Relation

Dominant Competitive Trusting Warm
770 840 1614 1482

Friendly Attached Inhibited Assured
2221 600 594 810

Obj-Relation

Supervisor Peer Service Parent
627 469 238 321

Mating Sibling Friendly Hostile
600 141 1073 434

Fi_micro ! Fi_macro XN ML T2 F 70 8UIIARSE VAL, 55 i B0 K Rox
F,(i)=2*TP(i)/(2*TP(i)+ FP(i)+ FN (i)) (10)
HA TP@i)s FP(i)~ FP(i)~ FN(G)53 o5 i RIEREYE . R . FCRIVE L BB R4, BRIk, F— micro
A F, _macro Tt HE AW F

C
F}_macrO:%ZFl(i) (11)

i=1

F, _micro=2 *éTP(i)/(2 >z=§TP(i)Jr gFP(i)+ gFN(i)J (12)

Horr ¢ NAEL
Accuracy FATKH T Zhang S5[ 12142 B FPATRE L, 5 DAER accuracy THHEA BT X, RAT7HE S
F& T REAREYE AP, AR R B TN T R A s b S, BRI A T

! E+TNJ (13)

Accuracy = 5[ NN,
Hor N, AN, BRI AR

Subset Accuracy HHTFRATM sub-relation S5 F WA, 4r FFRAE I A AHEL, R0 BIA%
ZEE SR B IR T A IULAD, B GAREEE H AU FR T PR A T, L RAR A T

Subaccuracy (s, ) = li[(si =5) (14)
n -

4.3. JERASCIE

X HBATRIT T BT R BB AR BRI RO, SEIREE RINE 2 Fros. WGERBDEATRIL,
MSGRM [ EARMER R E T GON, X R W] 2 RUEIAZ BT BE s AU AN AR IV BB 4 21045 AL . 0
bb, 14 Attention BEHU BN T B SEIG 45 B S THCH Attention BEHUISIR, XU BE R /B AT BLGTE
2 R AR A R M
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Table 2. The effect of different feature module
= 2. TEIThEERAIM R

Accuracy
Method
Sub-Relation Obj-Relation
GCN 0.6725 0.6968
MSGRM 07154 0.7326
GCN + Attention 0.7369 0.7531
MSGRM + Attention 0.7756 0.7924

4.4. EYBEIERGEXIEE

N T SRR R I 2 RO R HEFS I HE SR A A 5, JRATIAE SRIV Hudadl b 5 J LRl R Se 1k I 120k
17T, SEREERINGE 3. & 4 PR, BB T

Table 3. Performance of different methods on sub-relation class

3% 3. Sub-relation 2 A [E G AR E

Method F1 micro F1 macro Accuracy Subaccuracy

C3D [39] 0.3958 0.3018 0.5568 0.1451

LSTM [39] 0.4714 0.4193 0.6547 0.3792

TSN [16] 0.6034 0.4894 0.5412 0.3045
Multi-stream [8] 0.7019 0.6383 0.6136 0.5291

STMV [35] - - 0.7535 0.5249

TSM [41] - - 0.8274 0.5936

ASRN [42] 0.7353 0.6812 0.6722 0.5392

MSGRM (Ours) 0.7124 0.6725 0.7756 0.5824

Table 4. Performance of different methods on Obj-relation class
% 4. Obj-relation 2 _FRE AR &E
Method F1 micro F1 macro Accuracy Subaccuracy

C3D [39] 0.4383 0.3886 0.0557 0.0347

LSTM [40] 0.6780 0.5776 0.6667 0.2797

TSN [16] 0.7142 0.6142 0.7089 0.3482
Multi-stream [8] 0.8119 0.6683 0.7436 0.5213

STMV [35] - - 0.6322 0.5311

TSM [41] . . 0.7125 0.6032

ASRN [42] 0.8141 0.6766 0.7692 0.5259
MSGRM(Ours) 0.7945 0.6941 0.7924 0.5762

C3D [39]: $2th T —FhEET 3D BRI LR S5 K, 12N SR ERDUIRFE SR B b B R AT RO TERE

LSTM [39]: &AM LSTM BALRE —Fim AT P A @R, HA & Fhdut.

TSN [16]: TSN & —Fh LA K XUR CNN W%, FEVFZA0 REARE FEES T R,
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TSM [41]: KE SO RILE 1 08 BRNE B ALHIAR 45 A R AL .

ASRN [42]: —Fpui i AT YIZRERY, Bhé T 2 M BERFIE, WEE. 1230, k. A
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5 1 AR AT DL 4 M R AT ) e Ath — AR, (HE VR SR AL £ 06 R IEWIE R . Multi-stream Al
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Figure 4. Scene attention visualization example
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