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Sequence = Type + “Order” - # of types = poly(n)
eg, x"eX" - # of seqs = |X|" = exp(n log |X|)
- Type: empirical distribution Py

- Order: index of x" in sequences of type Py
Example: binary sequences of length n =3

Type «» # of ones 0 1 2 3
@00 000

SEquendss 000 000 000 000
00® @00

Type Requires Much Less Bits to Describe



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

o AV
H Node X d ec F‘\l
\4Yn RN gn m' Center

Node Y



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

H Node X d ec B

Node Y



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

X

P

P

—

Lo ]

Node X

N yn ——

1P

Py

—

Lo ]

Node Y

o
@D
@}
T

Type-encoding Functions
- Oy PY = [My]
< Oy P [My]



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

~ Py
oo Pl

Node X

N
N A
~ |P

h Yn - l;$

Seq. Space (X", Y")

Node Y

£ (X7 Type-encoding Functions
~_ R - Oy PY = [My]
dec H
/ — . ay:ﬂjy%[/\/'y]
gn(yn) Center

— Dist. Space (PX, PY)



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

Node X

Node Y

I

Seq. Space (X", Y") — Dist. Space (PX, PY)

Type-encoding Functions
- Oy PY = [My]
< Oy P [My]

(Single-letter Solution)



ENCODING SEQS — ENCODING TYPES

Type-based Encoders

Node X

Node Y

I

Seq. Space (X", Y") — Dist. Space (PX, PY)

Optimality?

Type-encoding Functions
- Oy PY = [My]
< Oy P [My]

(Single-letter Solution)



ENCODER DESIGN — ENCODING TYPES

Optimality of Type-based Encoders (for all decoders!)

Given zero-rate encoders fy, gn, and a decoder dec, we can construct type-based
encoders f,, gn, such that



ENCODER DESIGN — ENCODING TYPES

Optimality of Type-based Encoders (for all decoders!)
Given zero-rate encoders fy, gn, and a decoder dec, we can construct type-based
encoders f, §n, such that

: range(]Nc,»,) = range(fy)

* range(Jn) = range(gn)



ENCODER DESIGN — ENCODING TYPES

Optimality of Type-based Encoders (for all decoders!)
Given zero-rate encoders fy, gn, and a decoder dec, we can construct type-based
encoders f, §n, such that

: range(]Nc,»,) = range(fn)

* range(gn) = range(gn)
. (fn,én, dec) achieves better error exponents



ENCODER DESIGN — ENCODING TYPES

Optimality of Type-based Encoders (for all decoders!)
Given zero-rate encoders fy, gn, and a decoder dec, we can construct type-based
encoders f, §n, such that

: range(]Nc,»,) = range(fy)

* range(Jn) = range(gn)

. (fn,én, dec) achieves better error exponents

An application of the blowing up lemma.
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How to design encoders (quantize types)?
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