
Introduction

The bidiagonal QR route for computing SVD of an m×n (m≥n)

① Reduce A to upper bidiagonal form by left and right Householder
transformations.

The resulting m×n bidiagonal matrix has zero rows below the leading n×n
bidiagonal block;

this square bidiagonal block B is retained for phase 2.
② Choose a shift and apply a sweep of alternating right and left Givens rotations

within the active block,
chasing the temporary bulge from top to bottom and restoring bidiagonal form.
③ Scan the superdiagonal for conventional deflation opportunities between

sweeps.
Whenever a superdiagonal entry becomes sufficiently small, set it to zero and split

the block at that position.
④ Repeat the process until every active block has size at most 2×2 and

diagonalize directly

If m < n, apply the algorithm to Aᵀ instead, so
the singular values remain unchanged, and the left and right singular vectors

exchange roles.

Divide-and-conquer is an alternative method for computing the bidiagonal SVD.
Bidiagonal QR nevertheless remains implemented in LAPACK DBDSQR,

CAT targets this QR method; comparison with divide-and-conquer is outside the
present study.



We investigate if the same terminal 2×2 diagonalization can be applied at a
non-negligible coupling.

The transformation diagonalizes the 2×2 bidiagonal block (selected in the left
image)

and annihilates the selected superdiagonal entry (red).
The transformation creates up to two new fill-in entries, shown in purple.

If both new entries are below the accepted tolerance, they may be discarded and
allow an early split.

We call this augmented bidiagonal QR strategy Chase And Trim (CAT).

In between bulge chases, conventional deflations are applied as usual.
After that, the remaining couplings are examined for active deflation feasibility.

When a split is accepted, both rotations are applied and the child blocks continue
recursively.

We compare the two algorithms for computing singular values and singular
vectors.

① Standard bidiagonal QR with only conventional deflation.

② CAT in addition to ①.
• Examines the rotation associated with the larger outer coupling.

• Uses two inexpensive sufficient conditions to reject infeasible candidates.



The resulting left and right rotations are used to verify both cross-boundary fill-ins.
If both satisfy the tolerance, the rotations are applied and the block is split.

──────────────────────────────

LBR product for active deflation

For the displayed example, n = 6, k = 3, the selected coupling is e₃, between d₃
and d₄.

Compute the local 2×2 SVD to obtain left and right rotations L₂ and R₂.
These rotations diagonalize K:



The diagonal values may be signed, depending on the rotation convention.
Embed L₂ and R₂ into n×n identity matrices L and R, acting only on the selected

rows and columns.
We now examine their effect on the full bidiagonal matrix, including neighboring

couplings.

First, apply the right rotation R:



Next, apply the left rotation L:

By construction, the local SVD rotations annihilate both off-diagonal entries of the
selected block:

−sᴸ (cᴿ d₃ + sᴿ e₃) + cᴸ sᴿ d₄ = 0
cᴸ (cᴿ e₃ − sᴿ d₃) + sᴸ cᴿ d₄ = 0.



The selected coupling is eliminated, but two cross-boundary fill-ins remain:
• left fill = −sᴿ e₂
• right fill = sᴸ e₄.

The same fill-ins result whether we compute L(B R) or (L B)R.

• |−sᴿ e₂| ≤ τ
• |sᴸ e₄| ≤ τ.

──────────────────────────────

From fill-in to CAT inequalities



Suppose we seek to rotate and eliminate the coupling e₃, between d₃ and d₄.
Denote

• L = | e₂ |
• R = | e₄ |

(L and R denote neighboring coupling magnitudes, not the rotation matrices of
the preceding section)

If the chase proceeds left-to-right:

If the chase proceeds right-to-left inside a block with h columns:



The two rotations create the fill-ins identified earlier:
• the right rotation creates a left fill-in of magnitude L | sᴿ|
• the left rotation creates a right fill-in of magnitude R | sᴸ |

For active deflation, both magnitudes must be no larger than τ.

Since L (B R) = (L B) R, the left and right rotations may be constructed in either
order.

Suppose we start with the right rotation, which is
• constructed from diagonalization of Kᵀ K

• allows deflation only if L | sᴿ | ≤ τ

• Aᴿ = d₃²
• Cᴿ = e₃² + d₄²
• qᴿ = abs(d₃ e₃)

(for a nontrivial rotation considered below, qᴿ > 0)
• Δᴿ = abs(Aᴿ − Cᴿ)

Let θᴿ be the angle of the smaller right rotation, so
• sᴿ = sin θᴿ
• cᴿ = cos θᴿ



the rotation angle is computed as

From

we obtain

Therefore abs(tan θᴿ) increases with abs(θᴿ), while the Jacobi ratio above
decreases.

For feasibility testing only, define
• s = abs(sᴿ)

Since s also increases with abs(θᴿ), the Jacobi ratio decreases as s increases.

Work backward from the limit of feasible rotation:

Since s = abs(sin θᴿ),



Because the Jacobi ratio decreases as s increases, the right rotation is feasible
when

──────────────────────────────

Rejection conditions
The right fill is too large for deflation when

From this exact rejection condition, we derive two early conditions,
both for L ≥ 2τ

①



• If L ≥ 2τ, L² − 2τ² ≥ L (L − τ)
Substitute the above two bounds into

results in
Δᴿ τ L < qᴿ L (L − τ)

and, since L > 0,
Δᴿ τ < qᴿ (L − τ).

②
A simpler rejection condition follows from the first.

If L ≥ 2τ, then L − τ ≥ τ.
Therefore, if Δᴿ ≤ qᴿ,

Δᴿ τ ≤ qᴿ τ ≤ qᴿ (L − τ).
Thus we can also reject when

L ≥ 2τ and Δᴿ ≤ qᴿ.

The simpler condition is derived from the stronger one.
Although derived second, it is tested first because it requires only one addition.

The stronger condition requires a subtraction and two multiplications.
It is evaluated only when Δᴿ > qᴿ.

The stronger condition
Δᴿ τ < qᴿ (L − τ)

needs no separate L ≥ 2τ comparison.
It is evaluated only when Δᴿ > qᴿ, so

qᴿ τ ≤ Δᴿ τ < qᴿ (L − τ).
Dividing by qᴿ gives τ < L − τ, hence L > 2τ

(qᴿ > 0 was established previously)

──────────────────────────────



Evaluation order

Candidate cuts are examined from the destination of the QR chase backward.
This prioritizes the region where deflations are more likely to occur.

The first feasible cut is accepted. DBDSQR then resumes block processing,
checking for further deflations before performing another QR sweep.

For each candidate cut, Rejection CAT proceeds as follows:
• Evaluate the rotation associated with the larger outer coupling.

• Apply the inexpensive rejection condition first.
• Apply the stronger rejection condition only if the first test fails to reject.

• Pass candidates surviving both tests directly to LAPACK DLASV2.

The two rejection conditions, in order, are:

①
Reject if

L ≥ 2τ and Δᴿ ≤ qᴿ

②
Reject if

Δᴿ τ < qᴿ (L − τ)

③
For surviving candidates, compute both rotations

④
Verify the two cross-boundary fill-ins against τ.

Reject the candidate immediately if either fill-in exceeds τ.



⑤
If both fill-ins satisfy τ, apply both rotations,

update the singular vectors, and split the active block.

──────────────────────────────

Rejection: pseudocode

Input: active upper-bidiagonal block B[ l...r ], tolerance τₖ at each cut k, and QR
chase direction idir.

After conventional deflation, examine the surviving couplings in the direction
opposite to the QR chase:

• If idir = 1 (left-to-right chase), scan k = r − 1, ..., l.
• If idir = 2 (right-to-left chase), scan k = l, ..., r − 1.

At each candidate cut, b = eₖ. Apply the following tests in scan order.

1. Obtain the local quantities
 d₁ = B[ k, k ]

 d₂ = B[ k+1, k+1 ]
 b = B[ k, k+1 ]

 L = | eₖ₋₁ | if k > l, otherwise 0
 R = | eₖ₊₁ | if k + 1 < r, otherwise 0

 τ = τₖ, M = max(L, R)

2. If M ≤ τ, go to step 6.

3. Choose the less permissive rotation and construct its Gram matrix quantities.
 If L ≥ R, use Kᵀ K:



 A = d₁²
 C = b² + d₂²

 q = d₁ b
 Otherwise, use K Kᵀ:

 A = d₁² + b²
 C = d₂²
 q = b d₂

 Δ = A − C

4. First rejection screen:
 If | Δ | ≤ | q |:

 If M ≥ 2 τ, reject this cut and continue to the next k.
 Otherwise, proceed directly to step 6.

5. Second rejection screen:
 If | Δ | > | q |, compute:

 M − τ
 | Δ | τ

 | q | (M − τ)
 If | Δ | τ < | q | (M − τ), reject this cut and continue to the next k

 Obtain right rotation (cᴿ, sᴿ), left rotation (cᴸ, sᴸ), and signed diagonal values
 Use the same ordering convention as the production algorithm.

7. Verify the cross-boundary fills.
 If k > l and | sᴿ eₖ₋₁ | > τ, reject this cut and continue

 If k + 1 < r and | sᴸ eₖ₊₁ | > τ, reject this cut and continue

8. If the cut is accepted
 Scale existing outer couplings by cᴿ and cᴸ where present

 Replace the two local diagonal entries with the returned signed values
 Set eₖ = 0



 Accumulate the right rotation in Vᵀ and the left rotation in U
 Return to bidiagonal QR to process the resulting blocks

 for conventional deflation
 if no conventional deflation occurs, active deflation

 if no active deflation occurs, new bulge chase

9. If every candidate is rejected, perform the ordinary bidiagonal QR sweep.

──────────────────────────────

Why do the two rejection screens miss so little?

The first two tests reject a candidate before the exact fill condition is evaluated.

In the graph below, the green curve shows the exact rejection boundary,
while the blue curve shows the inexpensive rejection boundary from the second

screen.

For the less permissive rotation, define
• M = max(L, R)

Recall that M ≥ 2τ, so x ≥ 2 is part of our rejection setting.



Substituting r and M = τx into the exact rejection condition

results in

or, equivalently,

Substituting r and M = τx into the second rejection screen
Δ τ < q (M − τ)

results in
r < x − 1.

Thus, for x ≥ 2, the blue boundary lies below the green boundary.
The region between them shows the small gap that corresponds to possible

candidates rejected by the exact test but not by the inexpensive screen.

To examine the gap for large x, rewrite the exact rejection boundary as



Define

v = 1 − u

At u = 0, v = 1, so

The Taylor expansion around u = 0 is



Subtracting the inexpensive rejection boundary x − 1 gives

Thus, the absolute gap approaches 1 from below, while the gap relative to x
approaches 0.

──────────────────────────────

Singular-vector accumulation

Accumulation of the Householder reflectors from phase 1 is excluded from this
comparison.



During phase 2 one left and one right Givens rotation is applied by:
• Each QR chase position

• Terminal 2×2 diagonalization
• An accepted CAT split

Conventional deflation requires no additional singular-vector rotation.

For an active bidiagonal block of order h, the affected panels are:
• n×h columns of U

• h×n rows of Vᵀ

Example: n = 9, h = 5, active indices 3...7.
Filled dots identify the active panel; blue marks the two vectors updated by one

rotation.



Each rotation updates two vectors of length n.
For each entry pair, four multiplications and two additions or subtractions are

required.

• One singular-vector rotation: 6n
• One paired left and right update: 2(6n) = 12n

• One QR sweep on an active block of order h: 12n(h − 1)
• One accepted CAT split: 12n

• One terminal 2×2 diagonalization: 12n

These updates are performed by the modified LAPACK DBDSQR production
function.



──────────────────────────────

Spectral-norm bound for accepted splits

The same LAPACK DLASV2 rotations diagonalize a terminal 2×2 block or an
interior one.

An interior rotation differs only in the two cross-boundary fill-ins that CAT discards.

The discarded perturbation in the four affected coordinates is:



The two fill-ins occupy different rows and columns, so Eᵀ E is diagonal.

CAT accepts only if |sᴿ e₂| ≤ τ and |sᴸ e₄| ≤ τ.



Thus conventional and active splits enforce the same spectral-norm bound on
each discarded perturbation.

──────────────────────────────

Computational methods

Both methods begin with Householder bidiagonalization of the original
rectangular matrix A.

The identical upper-bidiagonal matrix B is supplied to both phase-2 algorithms.

Both use the same instrumented production LAPACK DBDSQR implementation
for:

• Shift selection and bidiagonal QR bulge chasing
• Conventional deflation

• Terminal 2×2 diagonalization using LAPACK DLASV2
• Singular-vector accumulation

CAT adds only:
• Screening for additional deflation opportunities between QR sweeps
• Applying the same LAPACK DLASV2 local diagonalization to selected

nonterminal 2×2 blocks
• Verifying and discarding negligible fill-ins, updating singular vectors, and

splitting the active block

Computational effort is evaluated for phase 2 only.
The common Householder bidiagonalization is excluded from the comparison.



The weighted-work model uses structure-aware arithmetic counts for standard
LAPACK bidiagonal QR iteration.

The local 2×2 diagonalization and singular-vector rotation costs are modeled from
LAPACK DLASV2 and BLAS DROT.

Shift computation is charged using the branch-dependent work recorded by the
instrumented DBDSQR routine.

We report QR sweep positions and weighted arithmetic work, not execution time.

──────────────────────────────

Matrix families used for testing







For each matrix family, 3 deterministic matrices are tested at n = 64, 128, 256,
512.

The random seeds are 1, 2, 3.

──────────────────────────────

Reported quantities

①
Computational effort

②
Conventional and active deflations



Conventional deflations are ordinary bidiagonal QR splits.
Active CAT deflations are the splits accepted by the production library.

Terminal 2×2 diagonalizations are excluded from both counts.

For a parent block of size m and children of sizes nₗ and nᵣ,

We report the mean smaller-child ratio separately for
• active CAT splits

• conventional splits in CAT
• conventional splits in standard QR.

Counts are summed across samples; mean balances are pooled across individual
splits.

③
Accuracy



The reference singular values σᵢ* are computed by LAPACK DGESVD from the
original rectangular matrix A.

④
CAT rejection screens



⑤
Production verification

──────────────────────────────

Weighted-work accounting

①
Relative weights of arithmetic operations



②
Arithmetic models





Here n is the full bidiagonal order and h is the current active-block size.
The shift cost is supplied by the instrumented DBDSQR algorithm for each QR

sweep.

CAT work is charged as follows:
• Rejection-screen tests

• Local DLASV2 computation
• Fill-in verification

• Surviving-coupling updates
• Singular-vector rotations

Comparisons, assignments, sign changes, and diagnostic-only computations are
excluded.

The cost of bidiagonalization is also excluded.

──────────────────────────────

Power-law singular values alpha = 0.5

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Power-law singular values alpha = 1.0

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Power-law singular values alpha = 2.0

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Power-law singular values alpha = 3.0

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

IID rectangular noise

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Uniform singular values [1.0, 10.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Uniform singular values [1.0, 100.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Uniform singular values [1.0, 1000.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Uniform singular values [1.0, 10000.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Linearly spaced singular values [0.001, 1000.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Geometric singular values [0.001, 1000.0]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples



Weighted arithmetic work W
Average across samples

Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits



CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections

CAT screening verification
Counts summed across samples



Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Tightly clustered singular values [1.0, 1.001]

Each matrix size is tested with 3 independently generated samples.

Sweep positions
Average across samples

Weighted arithmetic work W
Average across samples



Conventional and active deflations
Counts summed across samples

Mean balances pooled across all splits

CAT-specific work
Average across samples

Percentages of total CAT algorithm work

CAT rejection distribution
Counts summed across samples

Percentages of total candidate inspections



CAT screening verification
Counts summed across samples

Numerical accuracy and singular-vector quality
Maximum across all matrix sizes and samples



──────────────────────────────

Spectral separation and CAT deflation

The observed CAT benefit varies substantially across spectral families
and is most pronounced in the geometric group.

We examine how singular-value separation enters the local deflation condition.
We consider |e₂| ≥ |e₄|, the commonly observed ordering, where



the right rotation then gives the more restrictive fill-in condition.

The corresponding diagonal differences and off-diagonal magnitudes are:
Δᴿ = | d₃² − d₄² − e₃² |

qᴿ = | d₃ e₃ |
Δᴸ = | d₃² + e₃² − d₄² |

qᴸ = | e₃ d₄ |

Recall the exact right-rotation feasibility condition:

Substituting Δᴿ, qᴿ, and L = | e₂ | gives:

For | e₂ | ≫ τ, this condition is approximately:



or
τ | d₃² − d₄² − e₃² | ≥ | d₃ e₃ e₂ |

Entries near convergence:
• e₃ gets smaller and e₃² becomes negligible

• diagonal magnitudes approach singular values
• diagonal entries are arranged approximately in spectral order

Let M = max( σ₃, σ₄ ) and m = min( σ₃, σ₄ ).
The corresponding approximate condition for the right rotation becomes

The left rotation must also satisfy its similar condition.

①
Matrices with linear σ spacing

For consecutive values, m = M − h, where h > 0.
M² − m² = 2 M h − h².

Therefore,

②



Matrices with geometric σ spacing

For consecutive values, m = ρ M, where 0 < ρ < 1.
M² − m² = (1 − ρ²) M².

Therefore,

= τ (1 − ρ²) M.

The geometric factor (1 − ρ²) M scales with the larger singular value
and may facilitate interior deflations, consistent with the experiments.

The experiment also shows that geometric spectra produce more interior splits
under both conventional QR deflation and active CAT deflation.

──────────────────────────────

Conclusions

①
Algorithm

The Chase and Trim (CAT) method provides additional deflation opportunities for
SVD,



augmenting conventional bidiagonal QR with local 2×2 SVD diagonalizations.
Conventional deflation opportunities are evaluated and applied first.

The remaining superdiagonal entries are then examined for active deflation.
When a feasible candidate is found, the selected coupling is eliminated,

the local diagonal entries and singular vectors are updated,
and the active block is split into two smaller blocks.

Deflation opportunities are favored by small superdiagonal entries and
large differences between neighboring diagonal entries.

These conditions become more common as QR iteration approaches
convergence.

We show that the spectral norm of the perturbation introduced by active
deflation does not exceed that permitted by conventional passive deflation.

We present efficient rejection tests that eliminate unsuitable candidates at low
cost.

Candidates that pass these tests are submitted to the production function,
which makes the final feasibility decision and, if successful,

applies the transformation to all three matrices without explicitly forming Kᵀ K.

②
Reduction in computational work

After inclusion of candidate testing and accepted rotations,
CAT reduces weighted arithmetic work, ranging

from 4.4% for IID rectangular noise
to 41.0% for Geometric singular values [0.001, 1000.0].

(pooled across samples and matrix sizes)

③
Dependence on spectral structure

The effectiveness of CAT depends strongly on the singular-value distribution.



The largest work reductions occur for Geometric singular values [0.001, 1000.0],
and the smallest for IID rectangular noise.

This difference may be explained in part by split balance.
The mean smaller-child-to-parent ratio for active CAT splits was

0.017 for the latter family,
compared with 0.167 for the former.

(pooled across samples and matrix sizes)

④
Dependence on matrix size

For a given matrix family, the relative reduction in weighted arithmetic work
varies comparatively little across the tested matrix sizes.

CAT reduces work by 9.8% at n = 64
and 11.0% at n = 512.

(pooled across samples and matrix families)

Thus the singular-value distribution appears to be a stronger predictor
of relative work reduction than matrix size over the tested range.

⑤
Candidate screening

Two inexpensive rejection conditions assess the feasibility of one of the two
rotations.

They eliminate approximately 99.91% of candidates before production
verification.

They are designed as sufficient conditions for rejection, and
no valid CAT opportunities were missed by the screens in the experiments.

Of the 9,546 candidates passing the screens, only 5 were rejected by production.
Of these, 2 failed the screened rotation,

while 3 failed only the unexamined rotation.
The narrow gap between exact and approximate rejection conditions

explains their close agreement for the screened rotation when M ≥ 2τ.



Because these few production rejections contribute negligible overhead,
we leave verification of the second rotation to production

rather than introduce another screening test.
Screening and accepted CAT rotations together account for approximately 0.23%

of total weighted work.

⑥
Numerical accuracy

CAT preserves the accuracy of the computed singular values and vectors.
The reported singular-value errors, left and right orthogonality errors,
and reconstruction residuals remain comparable to conventional QR.

These results establish 'Chase and Trim' as a useful addition to conventional
bidiagonal QR for the tested matrix families.

──────────────────────────────
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