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1. Introduction

Based on discussions on the e-mail reflector, Sharp presents non-CAZAC versions of its sequences. 
The next section will present sequences themselves, which are derived from the OZCL sequences previously submitted to the reflector.  Following that will be cross-correlation results and conclusions.  Results for impact on BLER, as well as an updated discussion on complexity/performance tradeoffs will be presented in the October Shanghai meeting.
2. Non-CAZAC Sequences
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Note that the sequences included in these files are normalized to unit length, as it eases computation.  They are based on an alternating projection algorithm adapted from the algorithm presented in [1], and using as starting sequences those sequences that were submitted to the reflector. They are, as other discrete phase shift sequence proposals, to be used without DFT pre-coding, i.e., they are to be directly modulated by the IFFT.
3. Cross-correlation Results

Figures 1, 2, and 3 represent the cross-correlations of the CG sequences and the cross-correlations of sequences of different lengths. Tables 1 and 2 also display the relevant information for the CG sequences as well as CM properties. Note that the “24 into 12,” and “36 into 12” cross-correlations lie virtually on top of each other, and can be seen to minimally affect sequence cross-correlations of different lengths (in fact, the means are better than the sequence cross-correlations themselves).  This is likely related to the fact that the length 12 sequence frame eigenvalues are virtually identical (using the full 360 sequences).
All reported CM results have mean cubic metric 0.6 dB below that of QPSK, for length 12, and for length 24, roughly 0.57dB. The cubic metric computation involved uses the cyclic prefix as well as the waveform itself. Note especially that the mean and median cross-correlations for length 24 sequences is nearly that of length 36 sequences; that is why we have previously advocated the use of computer generated sequences for length 36 sequences as well [1].
The CC results were computed in the following manner.  For each sequences length, the time domain waveform was generated, and n orthogonal cyclic shifts were computed, where n is the sequence length (12 or 24).   Then the inverse FFT (IDFT, actually) was computed to get the frequency domain representation of the time domain waveform (that is, for example, 30 length 12 frequency domain sequences are mapped into 360 frequency domain sequences in this manner).

Thus there are 360 length 12 sequences, 720 length 24 sequences, and 1080 length 36 EZC sequences.  To generate, for example the cross-correlations of length 12 into length 36, a 36 X360 matrix is formed by concatenating the sequences, and the cross correlation of that matrix with the frame represented by the 1080 36-length sequences is computed. 
By means of comparison, we have performed the same operations for other companies’ sequences, and according to our calculations Sharp’s sequences have the lowest mean and median cross-correlations reported, as in Table 3.  This is to be expected as that was our main design goal. Even if the timing uncertainty is ( 16Ts the mean cross-correlation of Sharp’s sequences is still lowest amongst the reported proposers.
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Table 1  Summary Correlation and CM Statistics
	Sequence
	Mean CC
	Median CC
	Max CC
	Min CM
	Mean CM
	Max CM

	Unified Length 12
	0.2447
	0.2357
	0.9204
	-0.0407
	0.6271
	1.0874

	Unified Length 24
	0.1732
	0.1644
	0.8519
	0.0506
	0.6572
	1.0632

	36 Length EZC
	0.1534
	0.1615
	0.2722
	0.4099
	0.8945
	1.4302


Table 2  Sequences' Different Length Cross-Correlations (Mean/Median/Max)

	Sequence
	Statistic
	Length 12
	Length 24
	EZC 36

	Length 12 INTO
	Mean
	See above.
	0.1816
	0.1480

	
	Median
	
	0.1719
	0.1394

	
	Max
	
	0.5866
	0.4965

	Length 24 INTO
	Mean
	0.2564
	See above.
	0.1478

	
	Median
	0.2407
	
	0.1394

	
	Max
	0.8498
	
	0.5905

	EZC Length 36 INTO
	Mean
	0.2567
	0.1811
	See above.

	
	Median
	0.2439
	0.1707
	

	
	Max
	0.8621
	0.6880
	


Table 3  Comparison of Sharp's Sequences with Others

	Length 12
	Max CC
	Mean CC
	Median CC
	Max CM
	Mean CM
	Median CM

	LGE-new
	0.6336
	0.2494
	0.2393
	1.4358
	0.9126
	0.9813

	Motorola
	0.6347
	0.2497
	0.2357
	1.4687
	1.0441
	1.0518

	Nokia-Siemens
	0.6055
	0.2501
	0.2357
	1.1879
	0.8395
	0.8427

	Qualcomm
	0.6872
	0.2477
	0.2357
	0.8879
	0.5755
	0.5764

	Sharp-nonCAZAC
	0.9204
	0.2447
	0.2357
	1.0874
	0.6271
	0.6678

	TI-nonCAZAC
	0.6872
	0.2452
	0.2357
	0.7916
	0.2789
	0.2865

	Length 24
	Max CC
	Mean CC
	Median CC
	Max CM
	Mean CM
	Median CM

	LGE-new
	0.4785
	0.1779
	0.1805
	1.4268
	0.8230
	0.9933

	Motorola
	0.4619
	0.1760
	0.1694
	1.4307
	1.1161
	1.1195

	Nokia-Siemens
	0.5726
	0.1766
	0.1699
	1.2356
	0.9708
	0.9790

	Qualcomm
	0.5590
	0.1742
	0.1667
	0.7554
	0.4261
	0.4281

	Sharp-nonCAZAC
	0.8519
	0.1732
	0.1644
	1.0632
	0.6572
	0.6763

	TI-nonCAZAC
	0.5433
	0.1750
	0.1667
	1.1605
	0.8231
	0.8296


Table 4  Cross correlations assuming timing uncertainty of +/- 16Ts
	Length 12
	Max CC
	Mean CC
	Median CC

	LGE-New
	0.8247
	0.2505
	0.2391

	Motorola
	0.7902
	0.2511
	0.2374

	Nokia-Siemens
	0.7517
	0.2514
	0.2399

	Qualcomm
	0.7195
	0.2494
	0.2357

	SHARP-NONCAZAC
	0.9333
	0.2465
	0.2329

	TI-NONCAZAC
	0.8119
	0.2476
	0.2357

	Length 24
	Max CC
	Mean CC
	Median CC

	LGE-New
	0.7062
	0.1791
	0.1801

	Motorola
	0.5565
	0.1773
	0.1690

	Nokia-Siemens
	0.6102
	0.1779
	0.1697

	Qualcomm
	0.6033
	0.1759
	0.1661

	SHARP-NONCAZAC
	0.8777
	0.1751
	0.1644

	TI-NONCAZAC
	0.6628
	0.1766
	0.1667


4. BLER Results
A series of BLER simulations of 5000 sub-frames were run using the 3GPP rate 1/3 turbo code, with UL DM RS as proposed in this document, for a single cell deployment, and compared against EZC sequences simulated in a similar deployment, from 3 to -10 dB SINR as measured in the time domain.  No statistically significant performances between EZC and the CG sequences presented herein were observed (although in fact there was a slightly lower BLER observed for the CG sequences, but it was statistically insignificant.)
5. Conclusions

Based on previous work, we have obtained 30 root sequences; these results in our opinion represent the best compromise between mean/median cross-correlation and cubic-metric.  If median/mean cross-correlation is used as the determining factor for sequence design, Sharp believes these sequences represent the best trade-off.
6. References
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Annex A: Different sequence length cross-correlation calculation methodology
We shall in detail explain the methodology used to create the cross-correlation matrices of sequences of different lengths, in response to questions as to why values of 24 length into 12 length cross-correlations might be different than that of 12 into 24, for example.

Let the length 12 set of sequences be represented by the matrix X.  This set of all sequences and their frequency domain cyclic shifts, is, for 30 sequences, a matrix of 12 rows X (30 sequences X 12 cyclic shifts/sequence) or 12 X360. Likewise the matrix Y of 24 length sequences is 30X720.

To get the cross-correlation of the length 12 sequences into the length 24 sequences, we envision a 24-length correlation post- IDFT as in Figure 4, and we assume that the length 12 sequences are concatenated.
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Figure 4  Method of mapping length 12 sequences into length 24 sequences

Naturally when assessing the cross-correlation properties we are interested in all cross-correlations of concatenated (or truncated) sequences with the sequence of the length with which we are interested.  Thus the cross-correlation matrix of length 12 into length 24 can be written as:

[image: image7.emf].






If we write

 [image: image8.emf] ,  

with the obvious notation that the upper ½ refers to the first 12 rows of Y and the lower ½ refers to the last 12 rows of Y, the above equation may be written as
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On the other hand, the cross-correlation matrix of length 24 into length 12 would be written as:
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Similar reasoning applies for the cases of 12 into 36, 36 into 12, and 36 into 24 and 24 into 36.

� More properly, if we were to consider that different sequences might be assigned to different resource blocks, the matrix � EMBED Equation.Ribbit  ���  and similar matrices below would have to be replaced with a matrix considering all permutations of sequences, but this would be computationally infeasible to get true maximum and minimum cross-correlations, and so we posit that the method outlined here is a good compromise.
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		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812

		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812

		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812

		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812

		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812

		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812

		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812





imaginary

		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812

		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812

		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812

		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812

		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812

		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812

		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812

		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		-0.7071067812		-0.7071067812		0.7071067812		0.7071067812		-0.7071067812		0.7071067812		-0.7071067812






