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Unsupervised Learning of Human Activity
Grammars from Noisy Input Sequences

Kris M. Kitang, ! Yorcur Sarof!
and AKIHIRO SUGIMOTO?

Context-Free Grammars have been shown to be useful for applications be-
yond natural language analysis, specifically vision-based human activity analy-
sis. However, vision-based symbol strings differ from natural language strings,
in that a string of symbols produced by video can contain noise symbols, making
grammatical inference very difficult. To obtain reliable results from grammati-
cal inference, it is necessary to identify these noise symbols. We propose a new
technique for identifying the best subset of terminal symbols to acquire the
best activity grammar. Our approach uses the Minimum Description Length
principle, to evaluate the trade-offs between model complexity and data fit to
quantify the difference between the results of each terminal subset. The evalua-
tion results are then used to identify of a class of candidate terminal subsets and
grammars that remove the noise and enable the discovery of the basic structure
of an activity. In this paper, we present the validity of our proposed method
based on experiments with artificial and real data.
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Context-Free Grammar G

T = {walk, appear, disappear}
N = {S,ENTER,EXIT}
R = {S —- ENTER EXIT,

ENTER — appear walk,
EXIT — disappear}

7N

ENTER EXIT

/NN

appear walk disappear

01 0Joooooooooooobooooo
Fig.1 An activity (i.e. a sequence of primitive actions) described by a CFG.
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Fig.2 Flowchart of our MDL-based grammar learning method.

41 00000000
0000000000000 WOOOOOO0O0O000000000000000000
000000000000 WO mO0000000 W;---W,,000O0O00O0OOO00OO0O
O0OW;0 k00000000 wy,...,w, 00000000000000000000
00000000000000000000000000000000000000000
000000000000D00000D0000000000D000000000000 2
00MO000000000002"-2000000000n0000000000000
0030000000a0b0c00000000060000000000({a}, {b}, {c},
{a,b}, {a,c}, {b,c}0{-} 000000000000
000010000000000c000000000000000000000000
0000000000000 0000000000000000000000000000
00000000000000

(© 2008 Information Processing Society of Japan



89 ODO0OO0OU0OO0OO0OOODOOCOOOOOOoOoOoOoOOoO

Joooooooooo wW:
W = W WyWs
oooo
Wi=cabaabc
Wo=abaccab
Ws=cabaabcc

ooo
000000 {c} 00000

0000ooooooo Ge:
S —1x ABAAB x 2ABA « AB 3x ABAABx
A—a
B —b
* — C
* — 3k xk

ooooooooo G:

oooo oo
S — C (2/3)
S— DxE (1/3)
A—a (9/9)
B—b (6/6)
C —x*DE % (2/2)
D—FEA (2/2)
E—AB (3/3)
* - (7/9)
* — ok % (2/9)

03 Oooooooooo
Fig.3 Example of a single hypothesis grammar.
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Fig.4 Example of the COMPRESSIVE algorithm.
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Fig.5 Two pattern grammar with 3 non-noise symbols and 2 noise symbols (insertion noise).
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Table 1 Results using artificial data (Insertion noise).

Number of samples (d)

d=50 [ d=150 [ d=2300 | d =500 | d=1000

Patterns non-noise noise Rank
1 3 3 3 1 1 - -
1 3 4 3 1 1 - -
1 3 5 3 1 1 - -
1 3 6 5 1 1 - -
1 3 7 4 1 1 - -
1 4 3 12 4 1 1 1
1 4 4 15 4 1 1 1
1 4 5 11 4 1 1 1
1 4 6 14 4 1 1 1
1 5 3 30 15 5 1 1
1 5 4 34 15 5 1 1
1 5 5 54 15 5 1 1
2 3 3 11 4 1 1 -
2 3 4 12 4 1 1 -
2 3 5 28 4 1 1 -
2 3 6 8 4 1 1 -
2 3 7 30 4 1 1 -
2 4 3 25 11 5 1 1
2 4 4 49 11 5 1 1
2 4 5 28 11 5 1 1
2 4 6 65 13 5 1 1
2 5 3 55 35 16 6 1
2 5 4 91 43 16 6 1
2 5 5 242 34 16 6 1
3 3 3 23 5 1 1 -
3 3 4 28 5 1 1 -
3 3 5 28 6 1 1 -
3 3 6 84 7 1 1 -
3 3 7 177 7 1 1 -
3 4 3 37 26 11 4 1
3 4 4 71 18 11 4 1
3 4 5 102 43 11 4 1
3 4 6 213 89 10 3 1
3 5 3 85 69 26 16 5
3 5 4 87 80 30 16 5
3 5 5 181 136 27 17 5
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02 0000000O0O0O0O000000C0OO00000

Table 2 Ranked hypothesis grammars. True grammar marked in bold.

Rank | Symbols DL(G) | DL(W|G) Total
1 ab 2 117.85 487.04 604.89
2 ac 2 126.81 489.01 615.82
3 abc 3 348.69 327.84 676.52
4 bc 2 187.57 517.32 704.89
5 a 1 85.58 689.34 774.92
6 c 1 89.69 703.08 792.77
7 b 1 113.80 758.57 872.37
8 a ne 2 362.22 622.20 984.42
9 and 2 403.36 604.69 1008.05
10 1 70.82 942.46 1013.28
11 nd 1 223.37 826.17 1049.53
12 ne 1 223.37 854.10 1077.46
13 a c ne 3 664.92 415.79 1080.71
14 c nd 2 540.10 566.35 1106.45
15 c ne 2 512.91 604.70 1117.61
16 a ¢ nd 3 749.00 399.35 1148.35
17 a b nd 3 774.74 397.38 1172.12
18 a b ne 3 758.90 422.24 1181.14
19 b nd 2 608.16 636.22 1244.38
20 b ne 2 608.30 675.64 1283.94
21 b cnd 3 981.49 398.73 1380.22
22 b ¢ ne 3 999.61 422.70 1422.31
23 a b nd ne 4 1268.58 260.39 1528.97
24 abcnd 4 1300.13 257.39 1557.52
25 a b cne 4 1300.13 257.39 1557.52
26 a ¢ nd ne 4 1300.13 257.39 1557.52
27 b ¢ nd ne 4 1300.13 257.39 1557.52
28 abcndne | 5 1300.13 257.39 1557.52
29 nd ne 2 885.68 706.60 1592.28
30 a nd ne 3 1145.23 489.99 1635.22
31 b nd ne 3 1151.62 487.99 1639.61
32 c nd ne 3 1280.75 377.39 1658.15

oono
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Fig.6 Two pattern grammar with three non-noise symbols and system noise.
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Table 3 Results with synthetic data (inherent insertion and system noise).

Number of samples (d)

d=50 [ d=150

d=300 [ d=500 | d=1000

Patterns non-noise noise Rank
1 3 3 12 3 1 1 1
2 3 3 15 7 4 2 1
3 3 3 23 17 7 4 1

ADL(G) + DL(W|G).
00000 AODDODOO0O0DO0O00D00000ADDOOODODO0O0O00000
0000000ADOOO0ODOO0O0O00000000000000000000000
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Fig. 7 Rank of the true grammar for different values of A. Data label 2-3-3-50 represents the results
from a grammar with 2 patterns, 3 non-noise symbols and 3 noise symbols used to create 50

data samples.
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Fig.8 Overhead CCD cameras used to record purchase transactions.
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Fig.9 Ten primitive actions extracted from the image processing module.

04 000000O0DDDODOO
Table 4 Definition of primitive actions (terminal symbols).
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1 C_AdMon ooooOoooboooo
2 C_MvTry gooooooooo

3 C_RmMon goooooooooboooo
4 E_HndRtn goooboooooOoooooo
5 E_Intrct gooooooooobooo
6 E_MvTry gooboooooo

7 E_RmMon ooooO0o0ooo0oooo
8 E_RtnScn gooooooooo

9 E_TkRcpt gooboooooo

10 | E_TkScn oooooooooo
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Fig. 10 Imbalance between description lengths - Range of the grammar description length is consis-
tently larger than the range of the likelihood description length (error bars shows range of
description length).
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Table 5 Top ranking candidate grammars. Optimal grammar marked in bold.

x | Non-noise Sym

Az

AeDL(G)+DL(W|G)

1 E_TkScn

0.383

1279.0016

E_RtnScn
E_TkScn

0.2897

1160.7076

E_RtnScn
3 E_TkRcpt
E_TkScn

0.3096

1140.0563

C_MvTry
E_RtnScn
E_TkRcpt
E_TkScn

0.3847

1211.0414

C_MvTry
C_RmMon
5 E_RtnScn
E_TkRcpt
E_TkScn

0.4246

1260.2536

C_MvTry
C_RmMon
E_MvTry
E_RtnScn
E_TkRcpt
E_TkScn

0.4859

1353.1436

C_AdMon
C_MvTry
C_RmMon
7 E_MvTry
E_RmMon
E_RtnScn
E_TkScn

0.5335

1523.8244

C_MvTry
E_HndRtn
E_Intrct
E_MvTry
E_RmMon
E_RtnScn
E_TkRcpt
E_TkScn

0.6228

1784.4875
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Table 6 The selected optimal grammar (using 3 non-noise symbols).

S—-D (0.02) DL+ (1.000)
S —- H (0.16) E—x*C (1.000)
S -G (0.18) F — A x (1.000)
S - N« (0.04) G—-CD (1.000)
S —1J (0.13) H— ED (1.000)
S —Q (0.05) I %Bx (1.000)
S = « (0.02) J-CF (1.000)
SN (0.02) K — %D (1.000)
S - R (0.05) L—-FB (1.000)
S-JB (0.02) M — C * (1.000)
S > ML (0.04) N—-EAB (1.000)
S-MAH (0.02) O —E (1.000)
S~ CK (0.04) P_-EI (1.000)
S > CAMF (0.02) Q- EK (1.000)
S OF (0.02) R—EL (1.000)
S M (0.02)

S—-O0OL (0.02) * — ok ok (0.309)
S —0 (0.02) * — C_AdMon (0.153)
S P (0.05) % — C.MvTry  (0.006)
S —>1 (0.04) * — C_RmMon  (0.003)
S - K (0.04) + — E_HndRtn  (0.080)
A — E_RtnScn  (1.00) * — E_Intrct (0.275)
B — E_ TkRept  (1.00) x — E_MvTry  (0.028)
C — E_ TkScn (1.00) * — E_RmMon  (0.147)
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Fig.11 Parse tree of a common structure found in the training data.
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Fig. 12 Indices of a parse tree. Indices are given as (i,j,k).

000000*000000000000000N - N' 00000000000000
0000000 1200000000 NOOOO wiw,0000 N—EOOOOOOO
O00D0DODONDODODD k0 20000000FEO00O0O0D0O0O0OOOOOOOO00O0
k=10000
000000000000000000 WOOOO w0000 B(w',4,1,1)0000
000001<i<jmeM000000000000 w, 000000 B(w',4,1,1) =1.0
000000000000 VOOOO0000 B(V,4,1,1)=0000000

00 j=10k=200000i01<i<jm.00000000000000000 N
00000000000000000

B(N,i,1,2) = P(N — w")B(w',i,1,1). (16)
000000ON -«'00000000000000000000000 00000
00 j=200000k=10000000 401<i<jme—10000000000

0000 NODODOOODODOOOoOooODOooooooooo
B(N,i,2,1) = P(N — N*N")B(N®,i,1,2)B(N",i +1,1,2). (17)

k=20000

x1 000000000000000000000 1.

(© 2008 Information Processing Society of Japan



99 ODO0OO0OO0O0O0OoOoobOOoCbOcOoOoOoOoooooooo

B(N,i,2,2):P(NHN“)B(N“,@',Q,I).
(18)
O0OD0O0O0OO0ON - N°N'OOO N> NeODOODODODODOOOO0OO0ODO000O0Oooo
goooOoood
Odbdg=3,...,imec. 000000000 booboooboon
k=10000

B(N,ij1) =Y P(N—v) Y B0V ie,je ko). (19)

N—v {Geok) ), t=1

00000000 N - » 0000000 v = N',...,N*00001 < m < jO
{Ge, k) 0 Y7, = j00000000000000000000000000
j =30000N — N°N°O00ODODOO0OODOO0OODO0O0O0O000O00000
Ge. k) O {(1,1),(2,1)}, {(1,1),(2,2)},...,{(2,2),(1,2)} 0080000000000

=
Py S

o0 oog oo

199 D0O0oo0doboooobooodbooooboooo2o00 O
gobooooouobooboobooboz2e0s00b0bO0oboboOoDO
gobooooooooooboooooooobooboooooOobobOooooon
goooooooao

o ooooooo

19900 0000000000000009YLOOOOOOOOOOn
OoooOoOOoOOO0ODOO000000000000000P.D. in RoboticsO
gbooooooooooooobooooOoooOobooboobooooobooon
gobooobooooooooboooooobooboboooOoooooo
goboooooooobooooooobooboooboooooboooooonn

0 {(1,1),(2,1)} 0 Nj=3,k=1 O N;‘zl’k:l[lijzzyk:ll][l[l[l[l[l[l[ll]l]l]l]l] gobooobz2es00b0oobooooooobD206000000000000019990
k=20000 gobooooboooboooobogoooooooobooobobooooooooooono

B(N,i,j,2) = Y P(N— N")B(N',i,j,1).

N—-Na@
(20)
goowooobooooboooo
2
P(Wi|G) = B(S,1, jmas, k) (21)
k=1

(0019090 21000)
(0020030 10000)

0000000000000 oooo0o0oooACMOIEEEODDODODO

o0 ooboooo

19870 000booooooooooooDosooooooooon
O000o0O00o000o0@oo0000o0U0DOoUATROODOOO
goodz2o0z0b0b0dboboooodooooboooboooooooono
oooooooooooooooono2o06d2007 0 Paris-Est 0000
gobooooomoooooooboboouobooooboooooboooooDo

obboouobooobooooboooobooobooooboboOooobobo200100b000O0DO
gooooob oo ooo OO0OO0IEEEDACMOOOOOOOOOOOOOOODOOOOOOOO

000000000 0oo0obD0oOooOooOooooooog Vol No.2 86-99 (July 2008)

(© 2008 Information Processing Society of Japan



