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® Modern data sets are modeled as large matrices, computing SVD is slow. size e[l Allr size &l Allx size 26 size 2bsize £ size £ i
® Matrix sketching: approximate large matrix A € R™*? with BE R**?, | K n i e Le:e}r}me
® Row-update stream: each update receives a;, a row of A. ... Expiring [ JInactive [ Active = [ Sketches of size £

® Covariance error: ||[ATA — BTB|| < ¢||A||%.
® Frequent Direction (FD) [Liberty2013]: BE R*™*% s.t. ||ATA — BTB|| < %HAH%.
Sliding Window Summaries:

® Model time-sensitive data.
® Sequence-based: past N items; Time-based: items in a past time period.
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Matrix Sketching over Sliding Windows | A

® Maintain (approximately) Ay, Ay, for time/sequence-based window W. size NR/2P =N g T Inactive T Active
® Applications: sliding window PCA; analyzing text data for a past time period.

e, = 1/(2L)

® \Work for sequence-based window.
® Window of size N can be decomposed into log N dyadic intervals.
Lower bounds: Challenges and Assumptions ® Maintain a sketch for each interval.
® Sketches at different levels have different error parameters.
® Combine log N sketches to form B.

Theorem 4.1 An algorithm that returns A’ A for any sequence- based
sliding window must use QQ(Nd) bits space.

Experiments and Conclusion

® Unbounded stream solution: use O(d?) space to store AT A. This solution
does not work on sliding window. Datasets: DateSet T totaltoms m T4 N T B
Th 4.2 An 3l +hm that ret B h that ' SYNTHETIC 108 300 | 10,000 | 8.35
. . , 1 PAMAP 198,000 35 | 10,000 | 90089
PT'“ |AWAW — BWBW” < @ ||AW| |F] = E Table 2: Data Sets for sequence-based window.
for any sequence- based sliding window W must use Q(Nd) bits space. Observations
® FD vs. Sampling: DI-FD and LM-FD provide better space-error tradeoffs.
® Need to assume the ratio R between maximum squared norm and ® DI-FD vs. LM-FD: depends on the ratio R between maximum squared
minimum squared norms is bounded. norm and minimum squared norms in the data set.
® SWOR vs. SWR: depends on data set.
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Insight: Sample each row a; with probability proportional to its squared T
norm ||a;||? and rescale with proper factors.
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to ” a | |2 4:  while p < p; do Figure 3: average err vs. maximum sketch size.
L : (aj,t5,p5) = Q-back
® Rescale Sampled row ai baCk by d 6: if p < p: then e Baseline: SWR vy BEST(offline) 0.7//g@ Baseline: SWR _ ww BEST(offline)] @@ Baseline: SWR " wv BEST(offline)
7: Remove (a;,t;, p;) 06laa Baseline: SWOR ~ e.@ LM-FD ! | |[va Baseline: SWOR  ee LMD 1.011xa Baseline: SWOR e LM-FD ‘
factor Of \/-Zl |al | |/| |A| |F° 3: Append (a,t,t, pt) to the end of Q ] 0_5_» Baseline: SWOR-ALL <~ DI-FD | 0:5:» Baseline: SWOR-ALL < DI-FD L 0.8_» Baseline: SWOR-ALL < DI-FD |
® Run [ independent samplers. ° 04l .. c. . &1
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® WOrk fOr tlme/SequenCE'baSEd WIndOW' Figure 4: maximum err vs. maximum sketch size.
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® Combine FD with Exponential Histogram [Datar2002]. ol = s =
® Logarithmic number of levels, each contains 1/¢ sketches. g %l | &
® Merge all blocks to form B. 52 — | &Y —~ ; | 5
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