B. COMPRESSIBILITY: AN ACCURATE IN-
FORMATION THEORETIC TECHNIQUE

We present an information theory-based technique for the compu-
tation of the matching scores. This technique is not as accurate as
the motif-based technique (Section 4), but it is more computationally
efficient. The underlying idea stems from observing that if we rep-
resent the BM as an image, we will see horizontal repeated blocks
that would be more recognizable if the behavior is well recognized.
The repeated blocks appear because of the repetition in the behavior
patterns. Therefore, we expect more regularity along the rows than
along the columns of the BM. In fact, the order of values in any of
the columns depends on the order of the actions in the BM, which is
not expected to follow any recognizable patterns. For these reasons,
we compress the BM on a row by row basis, rather than compressing
the entire matrix as a whole.

Most existing compression techniques exploit data repetition and
encode it in a more compact representation. We thus introduce com-
pressibility as a measure of confidence to recognize behaviors. In our
experiments, we compress the BM with the DCT compression tech-
nique [2], being one of the most commonly used compression tech-
niques in practice. We then use the compression ratios to compute the
behavior recognition scores. Significantly higher compression ratios
imply a more recognizable behavior.

Given the sequence representation of an action occurrence i.e.
{{v;; Fi)1}, if an entity follows stability in repeating an action,
the values v;’s will follow a certain level of correlation showing the
action rate. Moreover, the features values F(¥s) will contain similar
values to describe how the action was performed. To perform a com-
pression of an action sequence, we follow the same approach used in
JPEG [23] for a one dimentional sequence.

Our aim is to compute the three behavior recognition scores along
the three behavior components (see Section 2.4). For the first behavior
component, we compress the sequence {v1;:::;V_ (a)} which repre-

sents the inter-arrival times for each action a. The behavior score,
Sr1(a4) for action a of entity A, will be the resulted compression
ratio; the higher the compression ratio, the more we can recognize a
consistent inter-interval time (motif). We then use Eg. 5 to compute
the overall score S,1(A). Similarly, for the second behavior compo-

v
nent, we compress the sequence {]—"<“1>' T ;]-'( ! ))}, which rep-
resents the feature values that describe the action a. Again, the score
Sr2(aa), is the produced compression ratio; the higher the compres-
sion ratio, the more we can recognize stability in action features. Sim-
ilar to S;2(aa), we can compute the overall score S,2(A).

Finally, for the third behavior component, which evaluates the re-
lationship between the actions, we compress the concatenated se-
quences of inter-arrival times of every possible pair of actions.Given
two actions a and b, we concatenate and then compress their inter-
arrival times to get the compression ratio crq . If a and b are closely
related, they will have similar inter-arrival times allowing for better
compressibility of the concatenated sequence. On the contrary, if they
are not related, the concatenated sequence will contain varying values.
Thus, crq,, quantifies the association between actions a and b. Hence,
the overall pairwise association is an evidence for the strength in the
relationship between the actions that can be computed by:
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C. STANDARD SQL TO COMPUTE CANDI-
DATE MATCHES IN PHASE 1

In the following, we provide a derivation for a final formulation of
the matching score in the candidate generation matching phase. At
the end, we provide the corresponding SQL statement we used for
this computation.

In Section 3, after computing the complex numbers representation

for each action in an entity, we computed S,.(a4) = M fmag(Cﬁf)),

448

where M is the maximum computed magnitude. Then, we obtain

S(A) = - ni’(M —mag(CL) (14)
8a

By substituting Eq. 14 into Eq. 1, we obtain the matching score

Sn(A;B):
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By Simple rearrangement to collect the terms related to mag(CE{%),
we get
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Note that the terms of M will cancel out and the final matching score
will be
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We store the complex number information for each data source in
a relation with the attributes (entity, action, Re, Im, mag, a_supp,
e_supp), where there is a tuple for each entity and its actions. For
each action of an entity, we store the real and imaginary components
(Re and Im) of the complex number as well as the magnitude (mag).
a_supp is the number of transaction for that action within the entities
log and e_supp is total number of transactions for the entity repeated
with each tuple corresponding an action. Thus, there are two tables
representing each of the two data sources src1 and src2.

To generate the candidates, we need to compute Eq. 15 for each pair
of entities and filter the result using the threshold t. on the resulting
matching score. The following SQL applies this computation and
returns the candidate matches.
select

cl._entity as el ,

c2._entity as e2 ,

(cl.asupp » cl.mag // n"a_A = mag_a A
+ c2.a_supp ~ c2.mag // n"a_B > mag~a B
- (cl.a_supp + c2.a_supp ) = // n"a_AB =*

SQRT( // mag_a_AB

(cl.Re + c2.Re)*(cl.Re + c2.Re)
+(cl.Im + c2.Im)*(cl.Im + c2.1Im))
)/ (cl.e_supp + c2.e_supp) // n_AB
as gain_score
from srcl cl inner 10|n src2 c2
on cl.action = c2.action
where magscore > t_c
group by cl.entity, c2.entity





