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A. Proof of Lemma 2
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where�(a) and�(a, b) are Gamma function and incomplete Gamma function, respectively.

B. Proof of Lemma 3

Lemma 6. Let!(i, k) = ((1 � ⇠)
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Proof. Again, from the proof ofLemma 2, we can show
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where we use
! 1
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i
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C. Proof of Theorem 4
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where we subtract the last term after constructingh

? by its deÞnition inEq. 5. The magnitude of the last summations can be
bounded by the Cauchy-Schwartz inequality
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Given thatdt � d� + ✏e, the Chernoff bound (Hoeffding, 1963) gives an upper bound on the square root
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Summing the lower bound overt and comparing to the upper bound inEq. 9yield
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which proves the inductive argument. Note that the upper boundu�(dt) is strictly decreasing whendt � �, so we can
always Þnd the minimumdt which satisÞes both conditions when` > 1/2. SincePt andLt are always positive, we have
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If the loss`t at roundt is greater than 1/2, then⌧t`t � `

2
t/(3 + �) by Eq. 15, otherwise⌧t = 0. Therefore the sum of̀2t is

less than(3 + �)LT , which results the bound ofTheorem 4.
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D. Experiments with Binary Synthetic Sequence

D.1. Sequence generated by single motif

We provide more comprehensive results on the synthetic binary data used inSubsection 5.1.
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Figure 7. (a), (b): Prediction accuracy and tree depth of PSTs with respect to varying proportions of noise. Each row represents a different
sequence length. (c), (d): Prediction accuracy and tree depth of PSTs with respect to varying lengths of sequence given the Þxed noise
level. Each row represents a different noise level.



Self-Bounded Prediction Suffix Tree via Approximate String Matching

D.2. Sequence generated by mixture of motifs

In this section, we provide experiments with more complex sequence patterns than those of the main text. For the experiments,
we randomly synthesize a sequence based on two motifs:[�1,�1, +1, +1] and[+1,�1, +1,�1]. Starting from an empty
sequence, on each round, we randomly choose which motif we will append at the end of the sequence, and then add a
randomly corrupted motif via a Þxed noise probability. Through the above process, we generate sequences of length 100,
200, 400, 800. We randomly generate 30 sequences for each length and report the average accuracy and tree depth of each
model inFigure 8.

0.1 0.2 0.3 0.4 0.5
Noise

0.4

0.5

0.6

0.7

0.8

A
cc

ur
ac

y

(a) Sequence Length = 150.0

PST
aPST-0
aPST-1
aPST-2
wPST

0.1 0.2 0.3 0.4 0.5
Noise

0

5

10

15

20

25

Tr
ee

D
ep

th

(b) Sequence Length = 150.0

150 300 600 1200
Sequence Length

0.55

0.60

0.65

0.70

0.75

0.80

A
cc

ur
ac

y

(c) Noise Probability = 0.1

150 300 600 1200
Sequence Length

0

10

20

30

40

Tr
ee

D
ep

th

(d) Noise Probability = 0.1

0.1 0.2 0.3 0.4 0.5
Noise

0.4

0.5

0.6

0.7

0.8

A
cc

ur
ac

y

(a) Sequence Length = 300.0

PST
aPST-0
aPST-1
aPST-2
wPST

0.1 0.2 0.3 0.4 0.5
Noise

0

5

10

15

20

25

30

Tr
ee

D
ep

th

(b) Sequence Length = 300.0

150 300 600 1200
Sequence Length

0.5

0.6

0.7
A

cc
ur

ac
y

(c) Noise Probability = 0.2

150 300 600 1200
Sequence Length

0

10

20

30

40

Tr
ee

D
ep

th

(d) Noise Probability = 0.2

0.1 0.2 0.3 0.4 0.5

Noise

0.5

0.6

0.7

0.8

A
cc

ur
ac

y

(a) Sequence Length = 600.0

PST

aPST-0

aPST-1

aPST-2

wPST

0.1 0.2 0.3 0.4 0.5
Noise

0

10

20

30

40

T
re

e
D

ep
th

(b) Sequence Length = 600.0

150 300 600 1200
Sequence Length

0.40

0.45

0.50

0.55

0.60

0.65

A
cc

ur
ac

y

(c) Noise Probability = 0.3

150 300 600 1200
Sequence Length

0

10

20

30

T
re

e
D

ep
th

(d) Noise Probability = 0.3

0.1 0.2 0.3 0.4 0.5
Noise

0.5

0.6

0.7

0.8

A
cc

ur
ac

y

(a) Sequence Length = 1200.0

PST

aPST-0

aPST-1

aPST-2

wPST

0.1 0.2 0.3 0.4 0.5
Noise

0

10

20

30

40

T
re

e
D

ep
th

(b) Sequence Length = 1200.0

150 300 600 1200
Sequence Length

0.40

0.45

0.50

0.55

0.60

A
cc

ur
ac

y

(c) Noise Probability = 0.4
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Figure 8. (a), (b): Prediction accuracy and tree depth of PSTs with respect to varying proportions of noise. Each row represents a different
sequence length. (c), (d): Prediction accuracy and tree depth of PSTs with respect to varying lengths of sequence given the Þxed noise
level. Each row represents a different noise level.


