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2 Motivation – Quantum Chemistry

4 Key results

Our prior art QPMA 
- (Expensive) SVD computaion [1]

Column-sampling formulation for A

1 Applications

undersampled radial MRI
neural connectivity 
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• Observation: A matrix  of sampled columns 𝐌𝛙
• Column sampling operator 𝛙 ∈ 0,1 !×#

Sketching side information for BLow rank matrix approximation

𝑑 = # of sampled columns

A subset of 𝑠 rows of 𝐌
Low rank intersection matrix
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M ⇡ AUB

Approximation error between 𝐌 and 𝐀𝐔𝐁

Theorem 1.  If                                  and    and  assuming ,
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rank(M̂)  d  s  k  min(m,n)

Inaccurate side information estimation error
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Column Full matrix Row Column Full matrix Row

CUR+ [2] True d columns 𝑴 True s rows QPMA [1] True d columns &𝑸𝑺 𝑽!𝐐𝑺
𝑻

Perturbed CUR 
[Hamm,2021]

True d columns *𝑴 Perturbed s rows sCMA True d columns &𝑸𝑺 s rows of &𝑸𝑺

5 Performance – 5 times faster

5-6 times faster
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finance

7 Comparison to prior art [1,3]
𝑴𝒅: The best rank- 𝒅 approximation

• Theorem 1
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• In [1,3], scaling of 

social science

Expensive eigenvalue computation along 
the chemical reaction time [1]

Parts of the error bound
• MSE 1 : Low rank approximation error with true columns & rows  
• MSE 2 : Estimation error between sketched true row space and estimated row space 
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Canonical angles 
between 𝑉𝑸𝑺 and 𝑉!𝑸𝑺
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Residual between 
two row spaces

• sCMA: max (O(𝑑!𝑠), O(𝑑")) = O(𝑑!𝑠) (s ≥ O(d log d))
• QPMA : O(𝑛𝑑𝑟) + O(𝑛𝑚𝑟)Loss incurred by our column sampling strategy & sketching matrix 𝛀

Effective eigengap 
between 𝐐𝐒 and &𝐐𝐒

Conventional random sketching matrices
: produces a linear combincation of rows, no structure
• CountSketch [4]

• Randomized Hadamard Transform

Proposed sketching matrices 𝛀
• Randomized row sampling matrix
• Maintains polynomial structure

Comparison of sampling complexity

1
2
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8 Conclusions

10# times faster

• sCMA preserves the polynomial structure of the data
• 𝛀 randomly samples rows and its sparsity reduces the 

computational time 5-6 times compared to QPMA
• Informative columns & rows sampling sketching is motivated

No dependence on 𝑛
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Signal  model

6 sCMA Algorithm
• Input : 𝐌𝛙, side information 𝐒, random row sketching 𝜴
• Parameters : degree of polynomial 𝑙, s and 𝑑

- Solve least-square problem to obtain
- Obtain

Unknown coefficient estimation

Row sketch estimation 

- Obtain

Low rank matrix approximation
- Solve
- Obtain
- Construct the low rank approximation
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Time complexity

Random sampling is not always possible:
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Sketching matrix Sampling complexity
CountSketch 𝑠 = 𝑂(𝑑!/𝜀!)

Randomized Hadamard Trans. 𝑠 = 𝑂(𝑑/𝜀!)
Proposed method 𝑠 = 𝑂(𝜇(𝐴) . 𝑑𝑙𝑜𝑔𝑑/𝜀!)


