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Abstract—Machine unlearning is mandated by privacy reg-
ulations yet computationally challenging. Exact Newton-step
unlearning requires Hessian inversion at O(n®), infeasible for
modern architectures. We propose TensorUnlearn, a two-stage
framework that cascades Kronecker-Factored Approximate
Curvature (KFAC) with Matrix Product Operator (MPO)
tensor network decomposition to efficiently approximate the
Fisher inverse. KFAC captures layer-wise curvature structure;
MPO further compresses the resulting factors for wide layers
where KFAC alone remains prohibitive. We derive explicit
cascaded error bounds and provide (e, §)-certified unlearning
guarantees under a local quadratic regime, implying bounded
membership-inference advantage in that regime.

1. Introduction

The right to be forgotten (GDPR Article 17) requires
removal of specific data influence from deployed models.
Newton-step unlearning 6, = 0* — H-'VoL(Dy, 6%) is
principled but requires O(n3) Hessian inversion, infeasible
for n > 10° [1]. KFAC [2] decomposes each layer’s Fisher
as F) =~ A @ G, reducing inversion to O(d? + d3,,).
However, for wide layers (e.g., VGG-11 on ImageNet-
scale inputs where dj;, = 512x7x7 = 25088: factor A €
[R25088%25088 requires ~ 2.4 GB storage and ~ 1.6 x 103
FLOPs to invert), KFAC alone remains a bottleneck. Our CI-
FAR experiments, where VGG-11-BN operates at dj, = 512,
serve as a controlled proof-of-concept; full validation at
ImageNet scale is ongoing.

Why tensor networks? Matrix Product Operator (MPO)
decomposition from quantum many-body physics com-
presses structured matrices by exploiting low-rank spectral
decay and local correlations, properties we observe in KFAC
factors of neural networks. By cascading KFAC with MPO,
we reduce per-factor storage from O(d?) to O(dr?) and
inversion cost to O(TKd?,,,r*), making factor inversion

max

sub-dominant to the forward pass.

2. Method and Theory
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Figure 1. TensorUnlearn pipeline.

+ 3,88 + Al; (2) for d > 256, compress each factor
via TT-SVD with bond dimension r; (3) solve AW® =
(G L(Dy, 0%)(AD)~1 via ALS sweeping; ap-
ply 8, = 0* — AO + &, £ ~ N(0,0%]).

2.1. Cascaded Error Bound

Theorem 1. Let I = AO & GO with MPO tryncation
errors e(AZ) = HA(Z) - A(E)HF, eg) = HG(Z) - G(e)HF. The
total approximation error decomposes as:
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Proof. By inequality:

HF“LA@G‘H + HA@G‘—A@G‘H . The
F © F

Qrst term is _ €KFAC-. F0~r thf: s~econd,A wr~ite
ARG -A®RG = (A-A) G+ A (G- G).
By submultiplicativity of ||-|| under Kronecker products:
<€z ‘ Gl + ’AH €c. Substituting HAH < + €y
completes Ighe proof. g 4

triangle FO — p® H <

F
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This bound gives explicit knobs: expac is fixed by the
network architecture; € 4, e are controlled by bond dimen-
sion r, enabling principled accuracy-efficiency tradeoff.



2.2. Inverse Error Propagation

Proposmon 2. If A® has condition number k4 and
A- AH /HAH < 1/ka, then:

“A 6%)

(A9)~ = (A9)71|| <

2
An analogous bound holds for G\©). With damping \, ka <

AH /A, which is computable.

Proof. By the Neumann series perturbation of matrix in-
verse: A=t — A=t = A=1(A — A)A~!. Taking norms and
bounding Hfl_l H via the perturbation lemma for positive
2 R
definite matrices yields the result. Damping ensures A = AI,
giving the computable bound on & 4. O

2.3. Certified Unlearning (Local Regime)

Our certificates hold under a local p-strongly convex,
B-smooth approximation of £ near 6*, as standard in
influence-function-based analyses [3]; they should therefore
be interpreted as local certificates rather than global guar-
antees for deep non-convex networks.

Theorem 3. Let v = maxy H(F(@)_1 — (F(e))_lu . Ten-
2

sorUnlearn with & ~ N(0,02I) achieves (g, 0)-certified
unlearning [3] with:

AZ A
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where Ag = S—NGmaX + ||V9£(Df,9*)“2 and Gy =
max,ep, HVQE( 2, )||2
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by triangle inequality, where the Newton residual follows

from strong convexity and Taylor remainder. The Gaussian

mechanism with £y-sensitivity A; yields (g, d). O

Corollary 4 (MIA Resilience). For any black-box MIA
adversary A using loss-threshold or shadow-model attacks:
Adv(A) <e*—1+46.

Complexity. Per-layer cost is O(N(d? + d2,) +
TK(d2,.r° + dmaxr?)). With T < 20 ALS sweeps and

max
K < 4, the second term is sub-dominant for r < 64.

3. Preliminary Results

Table 1 summarizes preliminary class-removal results.
TensorUnlearn (r=32) achieves retain accuracy within 0.8%
(CIFAR-10) and 0.8% (CIFAR-100) of full retraining at
~15x and ~14x speedup respectively. Certified €=2.9 on
CIFAR-10 compares favorably to Fisher Forgetting (e=8.7).

4], 6ea |40, = nac)

TABLE 1. CLASS-REMOVAL UNLEARNING ACROSS DATASETS AND
ARCHITECTURES. MIA DENOTES MIA SUCCESS RATE (IDEAL: 50%); €
IS MEASURED AT § = 1075,

Setting Method Accr T Accy | MIA Time e
Retrain 94.3 9.8 502 47m O
GA [4] 89.1 62 548 355 —
CIFAR-10 FF [5] 91.5 143 551 42m 8.7
ResNet-18  SCRUB [6] 931 115 518 6.dm -
Dyl = 5K KEAC-only 930 112 524 35m 32
Ours (r = 16) 932 110 521 24m 3.1
Ours (r =32) 935 105 51.6 3.Im 29
Retrain 718 08 501 38m 0
CIFAR-100 GA 65.2 0.3 56.4 28s -
VGG-11-BN  FF 684 31 558 3.8m 112
|Dg| =500 scrUB 705 14 521 54m -

Ours (r =32) 71.0 1.1 514 28m 3.7

The KFAC-only ablation isolates the MPO contribution: ten-
sor compression adds ~0.5% accuracy loss while providing
~1.1x speedup on ResNet-18, with larger gains expected
on wider architectures (VGG FC layers, ViT projections).

4. Conclusion

TensorUnlearn shows that cascading KFAC with MPO
makes approximate Newton-style unlearning substantially
more practical by compressing wide-layer curvature factors
while retaining strong utility. Our results demonstrate con-
sistent utility-privacy tradeoffs across CIFAR-scale settings
and support the local-regime certified guarantees. Extending
validation to ImageNet-scale and transformer architectures,
and strengthening certification beyond the local quadratic
regime, are important next steps.
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Motivation and Problem

Methodology

Preliminary Results

Privacy regulations such as GDPR Article 17 require model operators
to remove specific training data influence upon request. The princi-
pled solution is Newton-step unlearning, 8, = 8* — H*1V,C(Df, 0",
but inverting the Hessian H € R"™*" is infeasible for modern ar-
chitectures, ResNet-18 alone would need ~512 TB just to store H.
KFAC alleviates this by factoring each layer’s Fisher as A0 g GO,
yet for wide layers the factors themselves remain too large: VGG-
11 on ImageNet-scale inputs (di, = 512x7x7 = 25,088) produces a
25,088 x 25,088 factor requiring 2.4 GB and ~ 10 FLOPs to invert;
our CIFAR experiments (where d;,, = 512) serve as a controlled proof-
of-concept. Existing approximate methods either lack formal privacy
guarantees (gradient ascent, SCRUB) or cannot scale to these layer
widths (full Fisher forgetting). No current approach simultaneously
delivers tractable computation, near-retrain accuracy, and certified
unlearning for architectures with wide layers.

Research Question
Can tensor network decomposition break the
wide-layer bottleneck of curvature-based un-
learning while preserving privacy certificates?

TensorUnlearn: System Overview

Given a trained model and forget set Dy, TensorUnlearn proceeds in
three stages: (1) KFAC decomposes each layer’s Fisher into Kronecker
factors A gG®); (2) MPO compresses each factor into low-rank
tensor cores with bond dimension r; (3) ALS sweeping solves the
compressed inverse without reconstructing the full matrix. Calibrated
Gaussian noise injected into the final update provides (e, d)-certified
guarantees.
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We approximate the intractable Hessian inverse through two cas-
caded stages. First, KFAC decomposes each layer’s Fisher into com-
pact Kronecker factors from activation and gradient statistics:

FO ~ 40 g GO,

<F(€))71 ~ (A(ﬂ))fl ® (é(@)fl

For wide layers where these factors remain large, MPO tensor decom-
position compresses each into a chain of low-rank cores with bond
dimension r, reducing storage from O(d?) to O(dr?). The unlearning
update is solved via ALS sweeping on the compressed factors with
calibrated noise:

6, = 0"~ Pve (¢ V
!

The total approximation error decomposes into a Kronecker term
(fixed by architecture) and an MPO term (controlled by 7):

IFO- 4960 p < e + LIGONE+ (1A F + €}))

Stage 1 Stage 2: MPO truncation

Under a local p-strongly convex, 3-smooth approximation near 6*
(standard in influence-function analyses; interpreted as local rather
than global certificates for deep non-convex networks), TensorUn-
learn achieves (e, d)-certified unlearning with:

A2 A 125 Dyl
E:TOE+7 2In (5): Ag= WGmax +7“V£(Df0*)“2

Newton residual KFAC-MPO gap

This directly bounds any black-box MIA adversary's advantage:
Adv(A) < € — 1+ 4. Per-layer complexity is O(N (d2 +d )+
TK d2,r?) with T < 20 ALS sweeps.

out

Experimental Setup

We evaluate on CIFAR-10 (ResNet-18, class removal, |D| = 5K) and
CIFAR-100 ( /| = 500) against Retrain (gold standard),
Gradient Ascent, Fisher Forgetting, SCRUB, and a KFAC-only ablation.
Metrics: retain accuracy (Accy), forget accuracy (Accy ), MIA success
rate (ideal: 50%), wall-clock runtime, and certified e at § = 10~°. Bond
dimensions r € {8, 16,32} are swept to characterize the accuracy-
efficiency-privacy tradeoff; MIA uses loss-threshold and LiRA attacks
under a black-box threat model.

L£(Dy,0%) (A)~ )+§ € ~ N0, 021)

Forgetting
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== Retrain --- FF s Ours (r=32)

-==- GA —-- SCRUB
Setting Method Acc, T Accy | MIA Time ¢

Retrain 943 98 502 47/m O

GA 891 62 548 355 -
CFAR-10 T 915 143 551 42m 87
RDesNet;&B SCRUB 931 115 518 61m -
IDsl =5 KFAC-only 930 112 524 35m 32

Ours(r=16 932 110 521 24m 3.1

Ours(r=32) 935 105 51.6 31m 29

Retrain 71.8 08 501 38m O
CIFAR-100 CA 652 03 564 285 -

-11-BN FF 684 31 558 3.8m 112

[Dy| =500

SCRUB 705 14 521 54m -

Ours (r=32) 710 1.1 514 28m 37

Conclusion

TensorUnlearn demonstrates consistent utility-privacy tradeoffs
across CIFAR-scale settings and supports local-regime certified
guarantees. Extending validation to ImageNet-scale and
transformer architectures, the wide-layer regime where MPO
gains are theoretically largest, and strengthening certification
beyond the local quadratic regime are important next steps.




