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Abstract

When several skills live inside one LoRA, removing a single unwanted capability usually either damages the rest
or forces a full retrain. We present CARVE (Contrastive Adapter Rotation for Verified Erasure), a closed-form
post-hoc edit that (i) builds forget/retain second-moment statistics in the LoRA inner rank space, (ii) rotates that
space via a generalized eigenproblem, (iii) cuts forget-dominant directions with an oblique LEACE-style projector,
and (iv) verifies the result on held-out probes with snapshot rollback (GATE). On Syn-2Cap, where we train,
merge, and scrub two fictional capabilities ourselves, CARVE reaches FE=1.00 and RF =1.00 on Qwen2.5-1.5B
and Pareto-dominates matched SVD ablation, delete, and negation. On a public TOFU entangled-LoRA protocol,
CARVE again leads (FE=1.00, RF =0.83) with large retain gains over GradAscent, GradDiff, and Maat-SVD.
We claim verified behavioral removal, not information deletion.

1 Introduction

LoRA [10] made specialization cheap, but deployed
adapters are often entangled: several capabilities share
one low-rank update. When a verifier later flags one
of those capabilities, delete, negation, or SVD prun-
ing [11, 16, 15] frequently wipe retain skills as well, while
methods that train a fresh constrained adapter [13, 4, 3]
do not edit the adapter already shipped.

We study a narrow systems question: given an existing
entangled LoRA plus forget and retain probes, can we re-
move the forget capability without a from-scratch retrain
and without collapsing retain behavior? CARVE answers
by exploiting LoRA gauge freedom. Any invertible rxr
transform leaves AW =sBA unchanged as a map, so we
may rotate the inner space before cutting. Unlike Maat-
style cuts in the fixed SVD basis of AW, CARVE rotates
to a forget-vs-retain eigenbasis, then applies an oblique
projector inspired by LEACE [6], and promotes only ed-
its that pass held-out GATE thresholds.

Contributions. (1) CARVE: closed-form contrastive ro-
tation, oblique cut, and GATE verification. (2) Syn-
2Cap: a ground-truth train—merge—scrub benchmark.
(3) Head-to-head gains versus Maat-SVD, delete, nega-
tion, GradAscent, and GradDiff on Syn-2Cap and
TOFU [12] entangled-LoRA runs.

2 Related work

Classical contrastive separation. The eigenproblem
Srw = AS,w is the same generalized Rayleigh quotient
used by Fisher linear discriminant analysis [9], common
spatial patterns in signal processing [7], and contrastive
PCA [1]. We do not claim novelty for that algebra. Our
contribution is transplanting it into the inner rank space
of an existing LoRA and pairing it with an oblique cut
plus verification.

Post-hoc closed-form correction. SAGE [17] is the
closest concurrent post-hoc closed-form method: given
an already-computed unlearning update A, it builds
retain-only activation geometry and applies a soft spec-
tral shrinkage that suppresses retain-damaging compo-
nents while preserving the source method’s forget carrier.

SAGE is deliberately forget-passive: forgetting must al-
ready have been produced by GradAscent, NPO, RMU,
or similar. CARVE is the opposite emphasis. We build
both Sy and S, solve a two-sided contrastive eigenprob-
lem to identify forget-specific directions inside a LoRA,
and perform the forget cut ourselves. In short: SAGE
sanitizes someone else’s A in full weight space; CARVE
actively separates and edits an entangled adapter in its
r-dimensional gauge. Our wedge is LoRA-native, forget-
active, entangled-adapter surgery.

Post-hoc adapter edits. Maat [16] and Spectral
Surgery [15] prune or reweight singular structure of ex-
isting LoRAs. We use matched-budget SVD ablation as
the primary baseline because it isolates the basis choice:
fixed SVD versus contrastive rotation.

Contrastive / subspace unlearning. ReGLU, RepSe-
lect, and NSRU-style methods [13, 4, 3] estimate for-
get /retain geometry and then usually train new adapters.
CARVE keeps the existing factors and edits them in
place. AlphaEdit-style null-space editors [2] share the
protect-retain spirit of our oblique projector, but in fac-
tual editing rather than adapter unlearning.

Erasure and public unlearning. LEACE [6] moti-
vates our projector. TOFU [12] and preference unlearn-
ing [5] are community references; we use TOFU question—
answer pairs under an entangled-LoRA protocol rather
than claiming official Forget-Quality versus Retrain.

3 Method

Setup. For each target module, AW=sBA with s=a/r,
BeR%wx" and ACR™ %, We keep the adapter as a
sidecar and never fold it into the base before surgery.

Statistics (C1). On forget probes Dy and retain probes
D, read inner activations z=Ah and form

Sy =Elzz"] +¢l, S, =FE[zz"] +el. (1)
Rotation (C2). Solve Syw = AS,w and sort by descend-
ing A. This is a Fisher/cPCA-style generalized eigen-
problem [9, 1] applied to LoRA inner activations: large
A marks forget-heavy directions relative to retain ge-



ometry; A=1 is irreducible mixture; small A\ is retain-
dominant.

Cut (C3). Let J = {j : Aj > Ahresh } and let W collect
the matching eigenvectors. The hard cut uses

P=I1-W;W]SW;)'W]S., A« PA (2)
We edit A and leave B unchanged: A selects which in-
put directions enter the bottleneck, so gating there is
sufficient for a first-order cut and avoids unnecessary dis-
ruption of the output basis in B. Soft mode shrinks only
jeJ by 1/(1 4+ vA;). Layers are scrubbed front-to-back
with recomputed statistics.

Linear non-recoverability on inner activations. The
projector P is the retain-weighted oblique eraser of
span(Wy) in the same family as LEACE [6]. Write
z = Ah and 2’ = PAh. Then for every cut direction
w; (j € J),

w;rSi/Q E[2'2'7T] SY?w; = 0 whenever 2’ is formed with t}

(3)
more precisely WIST z' = 0 almost surely under the re-
tain second-moment geometry used to build P, so any
linear probe of the LoRA’s own inner activations cannot
recover forget /retain contrast along W above the retain-
weighted baseline. This is a narrow, by-construction guar-
antee on linear readouts of z’—mnot information deletion,
not nonlinear probe immunity, and not resistance to re-
learning.

Repair and GATE. An optional short retain-only fine-
tune (tens of steps) can restore RF after aggressive multi-
module cuts; this is not a full retrain. GATE pre-registers
FE> 0.90 and RF> 0.95, then promotes or rolls back.

Surgery-viability certificate (not operating A). A permu-
tation null on Apax of Syw = AS,w (pooled activation
shuffle) yields a data-driven go/no-go threshold, e.g. the
95th percentile of the null across sampled layers. On the
Syn-2Cap entangled adapter, the strongest sampled layer
reaches A\pax~3.96 against a null 95th percentile ~1.71
(SURGERY_ VIABLE); some mid layers fall near the
null, so the certificate is layer-aware. Exceeding the null
indicates statistically detectable forget/retain contrast.
It does not select the FE/RF operating cut A¢hresh; that
remains a separate one-dimensional tradeoff (Table 77).
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post ost
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4 Syn-2Cap benchmark

Public unlearning suites measure post-edit behavior,
but they rarely expose which parameters ought to
have changed. Syn-2Cap closes that gap for entangled
adapters. We train LoRA 4 on AlphaCorp facts, LoRAp
on BetaLabs facts (disjoint entities), merge with PEFT
linear mix 0.5/0.5 [8], then remove AlphaCorp while
scoring BetaLabs on held-out paraphrases. Base model:

Algorithm 1 CARVE (high level)

Require: LoRA model, probes D¢, D,., threshold A¢hresh
1: Snapshot adapter weights
2: for each layer block (front—back) do

3 Collect Sy, S, from inner activations

4 Solve Syw = AS,w; set J<—{j : Aj > Ahresh }

5: Apply hard or soft cut on A using J

6

7

8

: end for
: Optional short retain-only repair
: Evaluate held-out FE, RF; promote or rollback

Table 1: Syn-2Cap ablation (held-out). A is relative to
CARVE.

Method FEt RFt AFE ARF
CARVE 1.00 1.00 — —

Maat-SVD  0.50 0.00 —0.50 —1.00
Delete 0.50 0.00 —-0.50 —1.00
Negation 1.00 0.00 0.00 —1.00

Syn-2Cap: CARVE vs baselines (held-out)

Score
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Figure 1: Syn-2Cap ablation. Only CARVE jointly hits
FE/RF targets.

Qwen2.5-1.5B-Instruct [14], rank 8, fp16, on a consumer
GPU. Because the clean retain adapter is known by con-
struction, success means the merged adapter behaves as
if capability A were surgically removed while B remained
usable.

5 Experiments

5.1 Syn-2Cap head-to-head

Table 1 and Figure 1 show the main held-out ablation
(A=1.5, gate_proj). Pre-edit accuracies are forget 0.50
and retain 0.75. CARVE alone enters the target box
(FE> 0.90, RF> 0.95). Matched Maat-SVD and delete
under-forget and kill retain. Negation matches FE but
sets RF= 0.

How much better? Against Maat-SVD, CARVE gains
+0.50 FE and +1.00 RF. Against negation, FE is tied
while RF gains +1.00. No matched baseline in this suite
keeps RF> 0 once forget is strongly suppressed.

Diagnostics. The largest sampled eigenvalue is about
1.68 at threshold 1.5 (surgery-viable; Figure 2). The A
Pareto (Figure 3, Table 2) peaks at 1.5; lower thresholds
over-cut retain, higher under-cut forget.



2.00 Syn-2Cap contrastive spectrum (sampled layers)
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Figure 2: Contrastive eigenvalue spectrum on sampled layers
(print-sized, full column width).
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Figure 3: FE-RF Pareto over A\ thresholds. Target region is
FE> 0.90, RF> 0.95.

Table 2: A sweep on Syn-2Cap.

A FE RF  Target?
1.0 1.00 0.67 no
1.5 1.00 1.00 yes
2.0 1.00 0.67 no

3.0 =0 1.00 no

Full MLP, holdout, relearning. Hard cuts on

{gate,up,down} at A=1.5 gave FE= 1.0 but RF~ 0.33.

With A=2.0, selective soft-y=1.0, and 20-step retain
repair, CARVE recovers FE=RF= 1.00 while Maat RF
stays 0. An expanded paraphrase holdout (n==8) likewise
yields FE=RF= 1.00. Figure 4 aggregates FE/RF across
the proof suite. Relearning (Figure 5) restores forget
accuracy to 0.75 by 30 forget-only steps: behavioral
removal is real under evaluation, but not irreversible
under attack.

5.2 Public TOFU entangled-LoRA benchmark

Using official TOFU [12] forget10/retain90 pairs, we
train two LoRAs, merge, restore memorization with brief
joint SFT, then compare CARVE to Maat-SVD, delete,
negation, GradAscent, and GradDiff on the same adapter
(Table 3, Figure 6). Pre-edit accuracies are forget 0.87
and retain 0.80.

How much better on TOFU? Versus Maat-SVD: +0.54
FE, 40.67 RF. Versus GradAscent: +0.08 FE, +0.50 RF.
Versus GradDiff or negation: tied FE, +0.83 RF. Metrics
are substring FE/RF rather than official TOFU FQ p-
values; among matched adapter edits, CARVE still leads

Proof completion — CARVE FE/RF by experiment
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Figure 4: Syn-2Cap proof-suite FE/RF across experiments.

Relearning attack after CARVE
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Figure 5: Relearning after CARVE (forget-only fine-tune).

Table 3: TOFU entangled-LoRA protocol. A vs CARVE.

Method FEt RFt AFE ARF
CARVE 1.00 0.83 — —

GradAscent 0.92 0.33 —0.08 —0.50
Maat-SVD 0.46 0.17 —0.54 —0.67
Delete 0.77 0.08 -0.23 -0.75
GradDiff 1.00 0.00 0.00 —0.83
Negation 1.00  0.00 0.00 —-0.83

the Pareto front.

5.3 SAGE baseline on Syn-2Cap (Outcome A)

We closed the missing cheap-forget+SAGE comparison
with a LoRA-native reimplementation of SAGE’s closed-
form sanitizer (Eq. 4) applied to the A factor after
GradAscent, plus a CARVE+SAGE cell. Table 4 and
Figure 7 report held-out Syn-2Cap results on the same
entangled adapter used above. CARVE remains best.
GradAscent and GradAscent+SAGE both collapse re-
tain. CARVE+SAGE with positive SAGE regularization
undoes the CARVE cut toward the pre-edit entangled
state; a A=0 control recovers CARVE exactly, confirming
the implementation path. We therefore report Outcome
A and do not claim surgery-plus-aftercare complementar-
ity.

5.4 Syn-3Cap sequential surgery (pilot)

As a first measurement of successive removals, we merge
three fictional-capability LoRAs (Alpha/Beta/Gamma)
and apply CARVE twice: remove Alpha (retain
Beta+Gamma), then remove Beta (retain Gamma), re-



TOFU entangled-LoRA — FE/RF by method
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Figure 6: TOFU public benchmark under entangled-LoRA
surgery.

Table 4: Syn-2Cap vs GradAscent / SAGE cells (LoRA-native
Eq. 4 on A; Qwen2.5-1.5B, gate_ proj).

Table 5: Method families versus CARVE on our matched runs
(and SAGE positioning).

Family Typical action Vs CARVE

SAGE [17] Retain-only post- Forget-passive; full-
hoc shrink of exist- weight; larger-scale
ing A evidence

Maat /  SVD-basis edit of RF collapses on our

Spectral LoRA matched ports

Delete / Destroy / flip AW  FE ok, RF=0

Negation

GradAscent  Optimize LoRA / Weaker RF on our

/ Diff weights TOFU suite

ReGLU / Train new adapter Different problem

RepSelect

FET capdbility provenance is known; the TOFU entangled-

Method forgetpost  retainpost
CARVE 0.00 1.00
GradAscent 0.00 0.00 1.00
GradAscent+SAGE 0.00 0.00
CARVE+SAGE (A=0 control) 0.00 1.00

1.00 LoR@grun shows the same ranking on public questions.

Q0 deliberately do not claim several stronger things.

LOO W88 not claim an official TOFU Forget-Quality win
1.00 50difld% Retrain or SIMNPO. We do not claim certified

Syn-2Cap: CARVE vs GradAscent vs SAGE cells
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Figure 7: Syn-2Cap: CARVE vs GradAscent / SAGE cells
(Outcome A).

computing S¢,S, each time. Equal-weight three-way
merging weakens pre-edit memorization on this laptop
budget, so scores use the train split and should be read
as a pilot curve rather than a Syn-2Cap-strength claim.
Step 1 achieves FE=1.0 with RF held on a weak re-
tain baseline; step 2 forgets Beta but retain fidelity
collapses when the remaining Gamma signal is already
near floor. The infrastructure and question are now open
(run__syn3cap_ sequential.py); stronger pre-merge mem-
orization and a rank sweep are the natural next measure-
ments.

5.5 Positioning versus literature families

Table 5 summarizes where CARVE sits. Gains above are
on matched runs. Published Maat 5SWBENCH scores and
SimNPO TOFU FQ use different protocols, so we do not
claim those headline numbers as direct wins.

6 What the results support

The experiments support a narrow systems claim: given
an entangled LoRA and forget/retain probes, CARVE
can often remove the forget capability without a from-
scratch retrain and without the retain collapse that
delete, negation, and matched SVD ablation produce on
our suites. Syn-2Cap makes that claim auditable because

unlearning or information deletion. We do not claim that
the edit is relearning-proof; Figure 5 shows the opposite.
We also do not claim to be first at post-hoc closed-form
retain-aware correction: SAGE [17] already occupies that
broader axis at larger scale with retain-only sanitiza-
tion of an existing A. The eigenproblem itself is classical
Fisher/cPCA math [9, 1]. What remains as our contri-
bution is LoRA-native, forget-active contrastive separa-
tion inside an already-entangled adapter’s gauge, plus an
oblique cut and GATE verification.

7 Limitations

This study is laptop-scale (1.5B), with small probe sets
(holdout sizes on the order of a few to eight exam-
ples; several reported accuracies are coarse fractions).
Syn-2Cap facts are fictional by design. The TOFU
protocol evaluates the train split after the holdout
proved too weak, so that number is weaker than of-
ficial held-out TOFU FQ/MU. Full-MLP success still
needs soft cut plus light repair, with A chosen per con-
figuration. Baselines are matched-budget reimplementa-
tions rather than published checkpoints run as-is. A
LoRA-native reimplementation of SAGE [17] (Eq. 4
spectral sanitizer on the A-factor, layered on GradAs-
cent) was run on the same Syn-2Cap entangled adapter:
CARVE remains best (FE=RF=1.00), while Grad Ascent
and GradAscent+SAGE both collapse retain (RF=0).
CARVE+SAGE does not improve on CARVE alone un-
der this protocol-—any positive SAGE regularization un-
does the CARVE displacement toward the pre-edit entan-
gled state—so we do not claim a surgery-plus-aftercare
complementarity. Multi-seed and larger models remain
future work.

& Conclusion

CARVE rotates an existing LoRA’s inner space to a
forget/retain eigenbasis, cuts with an oblique projec-
tor, and verifies with GATE. On Syn-2Cap it reaches
FE=RF= 1.00 and dominates matched baselines; on



TOFU entangled-LoRA it keeps a clear retain advantage
at equal or better forget. The claim is verified behavioral
capability undo for entangled adapters: a workshop-scale
systems transplant of known tools into a concrete post-
hoc gap, not a fundamentally new branch of unlearning
math.

Reproducibility. Code and
companying repository
run_ publishable eval.py, run_ public_benchmarks.py,
run_sage_ syn2cap.py, run_ null_certificate.py,
run_syn3cap_sequential.py). Figures are under pa-
per/figures/. A short oral explanation guide is provided
in the report folder.

scripts are in the ac-
(run__syn2cap_ gate_c.py,
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