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Heuristic Blind Detection Approaches
• Likelihood ratio tests (e.g., [1,2]):
Binary linear codes satisfy parity constraints: ci1 + · · · + cim = 0.
Calculate probability p(ci1 + · · · + cim = 0|yi1 , . . . , yim ) for parity constraints and pick most likely code.

[1] R. Moosavi, E. G. Larsson, “A Fast Scheme for Blind Identification of Channel Codes,” IEEE GLOBECOM, Dec. 2011.
[2] T. Xia, H.-C. Wu, “Novel Blind Identification of LDPC Codes Using Average LLR of Syndrome a Posteriori Probability,” IEEE TSP, Feb. 2014.
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• Partial decoding algorithms (e.g., [3,4]):
Use a (simplified) decoding algorithm to calculate a quality metric for the codeword.
Repeat for all candidate codes and pick the highest quality metric code.

• Side-information: (e.g., [5])
Embed side-information into codeword bits (i.e., user ID, CRC).
Decode and check whether side-information matches what is expected.
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Contribution
We show that

(one formulation of)

blind detection of binary linear codes is NP-hard!

Outline
• Binary linear codes background.
• Formulation of the Minimum Distance Code Detection problem.
• Proof of NP-hardness.
• Open problems.
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• Transmission takes place over a BSC(p):
x=c+e
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• Let the N × n observation matrix be defined as: X = x1T
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xN

iT

Problem (Minimum Distance Code Detection)
Input: X, C.
Output: A generator matrix G of a binary linear code CMDCD ∈ C such that:
CMDCD = arg min

N
X

C ∈C

d(xi , C ),

i=1

where the distance d(xi , C ) is defined as:
d(xi , C ) = min dH (xi , c).
c∈C
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Theorem
The Minimum Distance Code Detection problem is NP-hard.

• The above result justifies a large body of heuristics-based related work.
Proof outline (Turing reduction):
1

We consider an instance of the Minimum Distance Decoding (MDD) problem, which is NP-hard.

2
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Minimum Distance Decoding

Problem (MDD)
Input: A generator matrix G and an n-bit binary
vector y.
Output: An n-bit binary vector ĉ such that:
ĉ = arg min dH (y, c).
c∈C

Theorem (Berlekamp et al., 1978)
The Minimum Distance Decoding problem is NP-hard [1].
[1] E. Berlekamp, R. McEliece, and H. van Tilborg, “On the inherent intractability of certain coding problems,” IEEE Trans. Inf. Theory, May 1978.
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• More formally, MDD can be solved using MDCD as:

Algorithm
G(k) = G;
l = k;
while l > 0 do
{G1 , G2 , G3 } = SplitCover(G(l) );
G(l−1) = MDCD(y, {G1 , G2 , G3 });
l = l − 1;
ĉ = G(0) ;
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• How is SplitCover defined?
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Open Problems

• Maximum likelihood code detection (MLCD) minimizes the probability of detection error:

CMLCD = arg max

N
Y
X  p dH (xi ,c)

C ∈C

i=1 c∈C
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• Distinguish between codes (dimension k) and noise (dimension n).
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Thanks!

Questions?
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