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Abstract

Preference-based LLM unlearning methods
such as NPO and SimNPO must discover di-
rections that suppress forget-set behavior with-
out damaging retained capability. K-FORGE
uses forget- and retain-set Fisher information
to construct a retain-aware low-rank edit, then
starts NPO or SimNPO from the edited check-
point. On the TOFU forget10 split, where
10% of the original dataset is designated for
forgetting, stronger one-shot edits lower both
Forget Q/A Probability and Model Utility. With
Llama 3.2 1B, K-FORGE reduces Forget Q/A
Probability by 22.3% under NPO while improv-
ing utility and using less total time and compute
than scratch. SimNPO shows a smaller descrip-
tive probability reduction with lower utility. On
the same split, random and weight-SVD initial-
izers yield higher forget probability than K-
FORGE at 50 and 100 steps. Experiments with
Gemma 3 1B also yield lower mean forget prob-
ability for both optimizers at 100 steps. MUSE
results vary by metric, and direct relearning
recovers forgotten behavior.

1 Introduction

LLM unlearning seeks to remove behavior at-
tributable to specified training data without retrain-
ing from scratch (Maini et al., 2024; Li et al.,
2024; Shi et al., 2025). Iterative preference-based
methods such as NPO (Zhang et al., 2024) and
SimNPO (Fan et al., 2024) repeatedly optimize
a one-sided preference objective. Representation
methods such as RMU (Li et al., 2024) instead
redirect intermediate activations. Structured alter-
natives include diagonal-Fisher dampening (Fos-
ter et al., 2024), Fisher-weighted LoRA initializa-
tion (Cha et al., 2025), and few-step Kronecker-
factored Gauss–Newton updates (McKinney et al.,
2026).

The central difference is adaptivity. An iterative
method can revise its direction after each update,
whereas a one-shot method commits to one local

surrogate before observing the resulting model be-
havior. In the reported one-shot sweep, increasing
strength reduces forget probability while progres-
sively spending utility. We therefore ask whether
a closed-form edit is more useful as the starting
direction for iterative unlearning than as the final
unlearned model.

We combine K-FAC-style layerwise Fisher fac-
tors (Martens and Grosse, 2015) with Fisher-
weighted low-rank factorization (Chekalina et al.,
2026). We estimate one factor pair on forget data
and one on retain data, simultaneously diagonalize
the pairs, and derive a retain-aware Wiener edit in
that basis. We call the resulting construction K-
FORGE (Kronecker-Fisher One-shot Rank-r Gen-
eralized Erasure).

On TOFU forget10 with Llama 3.2 1B Instruct,
K-FORGE lowers the early Forget Q/A Proba-
bility of NPO and SimNPO. With the complete
setup included in wall-clock time and FLOPs, the
NPO comparison yields lower forget probability
and higher utility; SimNPO has a smaller proba-
bility reduction with lower utility. Random and
weight-SVD initializers yield higher forget proba-
bility than K-FORGE at 50 and 100 steps on this
split. At 100 steps on Gemma 3 1B, both optimizers
have lower mean forget probability. Qwen results
are nearly unchanged, and MUSE improvements
vary by metric.

Our contributions are three-fold:

1. We introduce K-FORGE, a closed-form
Fisher-guided initializer for preference-based
LLM unlearning. It uses separate forget and
retain curvature estimates to construct a low-
rank edit applied before NPO or SimNPO
training.

2. We derive the exact full-rank solution of a two-
Fisher Wiener objective and a separable relax-
ation for the general rank-constrained prob-
lem.

4233

mailto:Daniil.Moskovskiy@skol.tech
mailto:a.panchenko@skol.tech


3. We show that K-FORGE improves the early
Forget Q/A Probability trajectory of fixed
NPO and SimNPO optimizers on TOFU
forget10. We also measure setup time and
FLOPs, evaluate model-family and bench-
mark transfer, and test relearning and quan-
tized loading.

Code is available at https://github.com/
etomoscow/kron_unlearn.

2 Related Work

LLM unlearning methods. Preference-based
unlearning is the immediate setting for our work.
NPO (Zhang et al., 2024) regularizes forget-set as-
cent through a reference-model preference term,
while SimNPO (Fan et al., 2024) removes the ref-
erence model. Other families change the unlearn-
ing rule itself, for example by redirecting activa-
tions as in RMU (Li et al., 2024), combining forget
and retain gradients, or subtracting task vectors.
We initialize NPO and SimNPO with an edit com-
puted from forget and retain curvature, then keep
their training objectives unchanged. We evaluate
on TOFU (Maini et al., 2024) and MUSE (Shi et al.,
2025) using OpenUnlearning (Dorna et al., 2025).

Fisher-guided initialization and second-order
unlearning. FILA (Cha et al., 2025) uses relative-
Fisher weighted low-rank approximation to ini-
tialize LoRA; VILA (Kim et al., 2025) improves
its estimation and efficiency; ReGLU (Xiao et al.,
2026) combines representation-subspace initializa-
tion with an orthogonality loss. Other second-
order methods change the update rule: SOUL (Jia
et al., 2024) uses a Sophia-style optimizer (Liu
et al., 2024), K-FADE (McKinney et al., 2026)
uses Kronecker-factored Gauss–Newton steps, and
WIN-U (Zhao et al., 2026) uses Woodbury-scaled
Newton updates. K-FORGE derives a two-Fisher
Kronecker Wiener edit with an exact full-rank so-
lution and a separable low-rank relaxation, folds it
into the base checkpoint, and leaves NPO or Sim-
NPO unchanged.

Fisher information approximations. K-
FAC (Martens and Grosse, 2015) and EK-
FAC (George et al., 2018) approximate layer-wise
Fisher information with Kronecker factors, making
structured curvature computations tractable.
Kronecker-Fisher approximations have also been
used for influence functions at LLM scale (Grosse
et al., 2023) and for compression via matrix-free

Fisher factorization and GFWSVD (Chekalina
et al., 2026). K-FORGE uses K-FAC-style
covariance factors and extends the Fisher-weighted
low-rank construction to separate forget and retain
metrics.

3 Method

3.1 Preliminaries
Let W ∈ Rn×m denote the weight matrix of a
single linear layer in a pretrained model with pa-
rameters θ⋆. We denote by Lf (θ) and Lr(θ) the
expected losses on a forget set Df and a retain set
Dr, respectively. For a loss-bearing token t, let
xt ∈ Rm be the layer input and gt ∈ Rn the gradi-
ent with respect to its output. The contribution of
this application of W to its gradient is gtx⊤

t . We
use the K-FAC-style approximation (Martens and
Grosse, 2015)

IF (W) ≈ A⊗B,

A =
1

N

N∑︂

t=1

xtx
⊤
t ,

B =
1

N

N∑︂

t=1

gtg
⊤
t .

(1)

We stream these covariances without materializ-
ing the (mn) × (mn) Fisher and mask padding,
prompt, and other non-loss tokens. For N un-
masked token positions, factor accumulation costs
O(N(m2 + n2)) operations and O(m2 + n2)
memory; the subsequent dense factorizations cost
O(m3 + n3). We therefore evaluate and report the
one-layer setup cost directly rather than extrapolat-
ing broad many-layer scaling.

In this work, we estimate the factors twice per
layer: once on Df to obtain Af ,Bf , and once
on Dr to obtain Ar,Br. Each d × d factor C
is symmetrized and trace-scale damped as C ←
C+εmax(tr(C)/d, 10−12)I before Cholesky fac-
torization:

A = LAL
⊤
A, B = LBL

⊤
B. (2)

For positive semidefinite empirical factors and
ε > 0, this damping produces symmetric positive
definite (SPD) factors in exact arithmetic. All sub-
sequent factor symbols and quadratic norms refer
to these damped matrices, which are held fixed
while computing the edit.

We use float64 intermediates for covariance ac-
cumulators. Prompt and padding positions are as-
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Figure 1: Matched downstream-step forget-probability trajectories on TOFU. Points show means with standard-
deviation bars (n = 3); panels use split-specific y-axis ranges. Gains are clearest on forget10/forget05 and for
SimNPO; NPO on forget01 is near the noise floor and reverses slightly at 250 steps. Additional initialization
controls are reported in Tables 3 and 6.

signed label −100; after the causal shift, only posi-
tions with labels different from −100 are retained.
The model loss is mean-reduced over valid target
tokens, then multiplied by the number of valid tar-
get tokens before backpropagation. Thus gt is the
gradient with respect to the layer output at an un-
masked causal-loss position. With factor normal-
ization enabled, both covariance accumulators are
divided by the total number of retained token rows.

We do not retry Cholesky factorization with an
alternative numerical method. If an exception oc-
curs while computing a module edit, that module
is skipped and a warning is logged. We did not
observe any skipped modules in our experiments.

We use column-wise vectorization: vec(X)
stacks the columns of X. The rank constraint is
rank(∆) ≤ r, where r ∈ {0, . . . ,min(m,n)}.
Throughout, SVDr(X) denotes a best rank-at-
most-r approximation in Frobenius norm.

3.2 Two-Fisher Wiener Edit

Following Fisher-weighted low-rank approxima-
tion, we treat weight components with high forget-
Fisher energy as directions strongly expressed on
the forget distribution. We therefore shrink the
post-edit weight in that metric while penalizing
movement in the retain metric. This is a local de-
sign surrogate, not a guarantee that answer prob-
ability decreases; the one-shot and initialization
experiments test that link empirically:

J(∆) = ∥W +∆∥2Ff
+ λret∥∆∥2Fr

, (3)

where ∥X∥2F• = vec(X)⊤(A• ⊗B•) vec(X). We
define cross-Cholesky maps

KA = L−1
Ar

LAf
, KB = L−1

Br
LBf

, (4)

with SVDs KA = UAΣAV
⊤
A and KB =

UBΣBV
⊤
B . The rotated forget-whitened weight is

R = V⊤
BL

⊤
Bf

WLAf
VA. (5)

Define the simultaneous diagonalizers QA =
L−⊤
Ar

UA and QB = L−⊤
Br

UB , which jointly di-
agonalize (Af ,Ar) and (Bf ,Br), and let H =
Q−1

B ∆Q−⊤
A denote the perturbation in this basis.

Theorem 1 (Unconstrained K-FORGE Wiener
edit). For λret ≥ 0, the unique minimizer of Eq. 3
over ∆ ∈ Rn×m is

∆⋆ = −L−⊤
Br

UB(G⊙R)U⊤
AL

−1
Ar

, (6)

where
Gji =

σA,iσB,j

σ2
A,iσ

2
B,j + λret

. (7)

For r = min(m,n) the rank constraint is inactive,
so ∆⋆ is also the rank-r minimizer.

Proposition 1 (Exact rank-r solution at zero re-
tain penalty). At λret = 0, an exact rank-r mini-
mizer of Eq. 3 is obtained by the rescaling Y =
ΣBHΣA, which converts the objective into the un-
weighted Frobenius problem ∥Y +R∥2F . Solving
via Eckart–Young, Yr = SVDr(−R), unscaling
Hr = Σ−1

B YrΣ
−1
A , and mapping back yields

∆
(r)
0 =−L−⊤

Br
UB Σ−1

B SVDr(R)Σ−1
A U⊤

AL
−1
Ar

(8)
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General case: separable relaxation. Let sji =
σA,iσB,j . For λret > 0 and r < min(m,n), the
coefficients s2ji + λret generally do not factor into
a row weight and a column weight, so ordinary
SVD truncation does not in general solve the result-
ing weighted approximation problem (Srebro and
Jaakkola, 2003). We adopt the separable relaxation
that keeps the Wiener-filtered target but replaces
the weights with their separable surrogate σ2

A,iσ
2
B,j .

Concretely,

˜︁Gji=
σ2
A,iσ

2
B,j

σ2
A,iσ

2
B,j + λret

, Y⋆=−(˜︁G⊙R), (9)

followed by Yr=SVDr(Y
⋆),Hr=Σ−1

B YrΣ
−1
A ,

and
∆(r)=L−⊤

Br
UBHr U

⊤
AL

−1
Ar

. (10)

(The sign is absorbed into Y⋆.)
The relaxation is exact either at full rank for any

λret ≥ 0, or at λret = 0 for any r (Proposition 2).

Interpretation. Let M = Q−1
B WQ−⊤

A . The
quantity s2ji is the forget-to-retain curvature ratio
along coordinate (j, i) in the simultaneous basis.
The full-rank solution in that basis is

H⋆
ji = −

s2ji
s2ji + λret

Mji. (11)

At unit edit strength, the corresponding post-edit
coordinate is

Mji +H⋆
ji =

λret

s2ji + λret
Mji. (12)

For λret > 0, coordinates with s2ji ≫ λret are
strongly reduced, while those with s2ji ≪ λret re-
main close to their original values. When s2ji =
λret, the full-rank edit removes half of the coordi-
nate.

The reduced-rank construction truncates the
Wiener-filtered matrix Y⋆ from Eq. 9. It keeps the
leading singular components of this transformed
target before mapping the edit back to the original
weight coordinates. The invertible changes of coor-
dinates preserve rank, so the resulting edit has rank
at most r.

Diagonal and forget-only variants. When all
four Fisher factors are diagonal, a coordinate-
aligned simultaneous basis can be chosen. The full-
rank solution then applies a coordinatewise Wiener
update directly to the original weights, as given

Algorithm 1 K-FORGE
Require: Weight matrix W, forget/retain sets
Df ,Dr, rank r, factor damping ε, retain
penalty λret, strength α

1: (Af ,Bf ) ← KronFisher(W,Df );
(Ar,Br)← KronFisher(W,Dr)

2: Trace-scale damp factors by ε and compute
LA• ,LB•

3: KA ← L−1
Ar

LAf

4: KB ← L−1
Br

LBf

5: SVD(KA) = UAΣAV
⊤
A

6: SVD(KB) = UBΣBV
⊤
B

7: R← V⊤
BL

⊤
Bf

WLAf
VA

8: ˜︁Gji ← σ2
A,iσ

2
B,j/(σ

2
A,iσ

2
B,j + λret)

9: Y⋆ ← −( ˜︁G⊙R)
10: Yr ← SVDr(Y

⋆)
11: Hr ← Σ−1

B YrΣ
−1
A

12: ∆(r) ← L−⊤
Br

UBHrU
⊤
AL

−1
Ar

13: return W + α∆(r)

in Eq. 15. Selective Synaptic Dampening (Fos-
ter et al., 2024) instead selects parameters using a
forget-to-training importance threshold and applies
a clipped training-to-forget importance multiplier
to the selected parameters. We use the diagonal-
factor variant as a control in Section 4. Setting
Ar = I and Br = I replaces the retain-side metric
by an isotropic penalty and yields the forget-only
variant.

3.3 The K-FORGE Algorithm

Damping changes the numerical conditioning and
the quadratic metrics used by the edit. The retain
penalty λret ≥ 0 controls the weight assigned to
changes in the retain-side metric in Eq. 3. Be-
fore strength scaling, ∆(r) is the unique minimizer
when the rank budget is unrestricted, and an ex-
act rank-constrained minimizer when λret = 0, by
Theorem 1 and Proposition 1. Otherwise, the SVD
step solves the separable surrogate; a decrease in
the original objective is not guaranteed. The edit
strength α ≥ 0 scales this direction before it is ap-
plied to the checkpoint. For α ̸= 1, the scaled edit
is not in general a minimizer of Eq. 3. Computing
the edit requires calibration forward and backward
passes and matrix factorizations, but no iterative
parameter-update loop.
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Figure 2: Matched downstream-step shifts on TOFU forget10. Arrows connect scratch runs to K-FORGE-
initialized runs at the same optimizer-step budget; warmer background regions indicate higher utility and lower
forget probability. Points show means; error bars indicate forget-probability standard deviations (n = 3).

3.4 K-FORGE as Initialization

After computing the low-rank edit, we replace the
selected weight matrix by

ˆ︂W = W + α∆(r). (13)

All other model parameters remain unchanged. We
denote the resulting full-model parameters by ˆ︁θ.
Starting from ˆ︁θ, we run downstream training with
NPO (Zhang et al., 2024) or SimNPO (Fan et al.,
2024). We compare these runs with runs started
from the original checkpoint θ⋆, using the same
downstream loss formulation.

4 Experimental Setup

Our primary experiments use Llama 3.2 1B Instruct.
We test model-family transfer on Gemma 3 1B-
IT and report limited Llama 3.2 3B Instruct and
Qwen2.5 1.5B Instruct checks. The MUSE ex-
periments use Llama 2 7B. We use OpenUnlearn-
ing (Dorna et al., 2025) for training and evaluation
throughout.

4.1 Benchmarks

We evaluate on TOFU (Maini et al., 2024), us-
ing the forget10, forget05, and forget01 splits,
and on the News and Books domains of MUSE (Shi
et al., 2025).

Repeated runs. Unless stated otherwise, down-
stream comparisons report averages over three runs
with different random seeds. The Gemma initializa-
tion and quantized-loading comparisons use four
runs; its relearning comparisons use three. In tables
and figure captions, n denotes the number of runs
per experimental configuration. The comparison in
Table 2 uses seeds 0, 1, 2. In performance columns,
bold marks the best displayed mean within each
comparison block, including all ties at the reported

precision. A displayed standard deviation of 0.000
may reflect rounding.

4.2 Metrics

Our primary endpoint is Forget Q/A Probability;
lower values indicate less probability assigned to
the gold forget answers. For each item, we compute
the mean cross-entropy over non-ignored target
tokens and report the exponential of its negative.
When an item has multiple answers, values are
averaged within the item before averaging over
items.

The TOFU results also report Model Utility,
Extraction Strength, and Forget Q/A ROUGE.
Forget Q/A ROUGE uses ROUGE-L recall.
Model Utility is the harmonic mean of the nine
configured components: retain_Q_A_Prob,
retain_Q_A_ROUGE, retain_Truth_Ratio,
ra_Q_A_Prob_normalised, ra_Q_A_ROUGE,
ra_Truth_Ratio, wf_Q_A_Prob_normalised,
wf_Q_A_ROUGE, and wf_Truth_Ratio. Extraction
Strength is the mean 1 − k/L, where k is the
first target-suffix position from which greedy
predictions exactly match the target suffix and L is
the target length.

For MUSE, KnowMem and VerbMem are
ROUGE-L F1 scores on the forget knowledge-
memory and verbal-memory sets, respectively,
while Retain is the ROUGE-L F1 score on the re-
tain set. All displayed± values are sample standard
deviations across seed-level summaries.

Reported p-values use two-sided paired t-tests
on matched seed-level values. The relearning p-
value is computed on the per-seed changes from
pre-relearning to post-relearning values. These
tests are reported as unadjusted descriptive statis-
tics.

4237



4.3 Baselines

Pretrained checkpoint (scratch). Our primary
baseline runs NPO (Zhang et al., 2024) or Sim-
NPO (Fan et al., 2024) from the pretrained check-
point θ⋆, with no preceding edit. We use scratch
to denote this initialization throughout.

Random rank-2 edit. We apply a random rank-2
perturbation before downstream unlearning. For
each matched linear module, we draw U ∈ Rn×2

and V ∈ R2×m with independent standard-normal
entries using a seeded random generator, and form
∆raw = UV. We rescale this perturbation so that

∥∆raw∥F = ∥Wtemplate −Wbase∥F , (14)

where the template is the corresponding K-FORGE
checkpoint and the base is the original checkpoint.
The rescaled perturbation is then folded into the
base model. The reported main controls use one
matched mlp.down_proj module.

Weight-SVD edit. For the weight-SVD control,
let Wbase = UΣV⊤. Let Ur, Σr, and Vr denote
the leading r singular components. We construct
∆raw = −UrΣrV

⊤
r with r = 2, and rescale it to

the same Frobenius norm as the corresponding K-
FORGE edit. The resulting perturbation is folded
into the same matched linear module before down-
stream unlearning.

Diagonal Fisher factors. The diagonal variant
restricts Af , Bf , Ar, and Br to diagonal matrices,
as described in Section 3.2. Its quadratic weights
depend only on the diagonal entries of these factors.
Let d•,ji = (A•)ii(B•)jj . The full-rank minimizer
of the resulting objective is

∆diag,⋆
ji = − df,ji

df,ji + λretdr,ji
Wji. (15)

This expression makes the coordinatewise weight-
ing explicit; off-diagonal entries of the Fisher fac-
tors do not enter the objective. We denote this
control by diagonal in the tables. For the reported
diagonal control, we use factor_mode=diagonal,
retain Fisher factors, the same damping, λret =
0.01, and the same rank-2 SVD truncation in Y-
space as in Eq. 9. Thus Eq. 15 gives the full-
rank limit, while the reported control uses its rank-
constrained implementation. Its relation to Selec-
tive Synaptic Dampening (Foster et al., 2024) is
discussed in Section 3.2.

Forget-only factors. The forget-only variant sets
Ar = I and Br = I. Substituting these identities
into Eq. 3 gives

Jforget-only(∆)=∥W+∆∥2Ff
+λret∥∆∥2F . (16)

The retain-side term becomes an isotropic penalty
on the edit. The forget-side term still uses the fac-
tors estimated on Df .

4.4 K-FORGE configuration
Unless stated otherwise, K-FORGE uses rank r =
2. We fold the edit into the checkpoint before run-
ning NPO or SimNPO.

For the main Llama 3.2 1B forget10 runs, we
use ε = 0.001, λret = 0.01, factor_mode=kron,
retain Fisher factors, factor normalization, and the
wiener_v2 edit variant. The target is the single
module model.layers.0.mlp.down_proj, with
max_target_modules=1.

K-FORGE calibration uses at most 32 batches
with per-device batch size 8 and gradient accumu-
lation 4. The calibration contains 256 forget exam-
ples and 256 retain examples, hence 512 examples
in total. The representative run contains 9,515 and
9,099 retained factor-token rows for the forget and
retain splits, respectively. The 47.7k input-token
value in the compute table is a total over both splits.

The downstream runs update the full model with-
out LoRA adapters or a parameter-freezing regex.
They use adamw_torch, per-device batch size 4,
gradient accumulation 8, learning rate 10−5, gradi-
ent checkpointing, and bf16 autocasting. NPO uses
(β, α, γ) = (0.1, 1, 1) with an NLL retain term and
the fixed original checkpoint as its reference model.
SimNPO uses (δ, β, α, γ) = (0, 4.5, 1, 0.125) with
an NLL retain term and does not use a reference
model.

4.5 One-Shot K-FORGE
Table 1 shows the one-shot frontier on TOFU
forget10.

Increasing α from 0.100 to 0.800 lowers forget
probability from 0.878 to 0.411, while utility falls
from 0.599 to 0.513.

5 Results

K-FORGE lowers mean Forget Q/A Probability at
all three NPO step budgets (Table 2). At 50 steps,
α = 0.600 reduces forget probability from 0.093
to 0.045 and raises utility from 0.509 to 0.574. The
probability gap narrows by 250 steps. Extraction
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Method Util.↑ Forget Pr.↓ ROUGE↓ Extr.↓
Base model 0.599 0.881 0.820 0.706
K-FORGE α=0.100 0.599 0.878 0.814 0.698
K-FORGE α=0.300 0.595 0.837 0.721 0.592
K-FORGE α=0.350 0.594 0.821 0.692 0.542
K-FORGE α=0.450 0.582 0.774 0.613 0.390
K-FORGE α= 0.600 0.556 0.657 0.539 0.262
K-FORGE α=0.800 0.513 0.411 0.427 0.130

Table 1: One-shot results on TOFU forget10 using
Llama 3.2 1B Instruct for strengths from α = 0.100
to 0.800. Results at α ∈ {1, 3, 10} are provided in
the figure data; these strengths collapse utility. Best
displayed values are bolded, including ties.

Strength is higher with K-FORGE at every NPO
budget.

For SimNPO, K-FORGE lowers mean forget
probability and Extraction Strength at 50, 100, and
250 steps (Table 2). With α = 0.450, mean utility
is 0.572 versus 0.577 for scratch at 50 steps and
0.595 versus 0.596 at 250 steps. Section 5.6 reports
the separate comparison that includes setup time
and FLOPs.

5.1 Llama 3.2 3B

We repeat all three budgets on Llama 3.2 3B In-
struct (Appendix Table 5). SimNPO improves in
utility, forget probability, extraction, and ROUGE
at 50, 100, and 250 steps. NPO improves utility
and forget probability strongly at 50 steps, but its
forgetting metrics are worse at 100 and 250 steps.

5.2 Model-family transfer

At 100 downstream steps on Gemma 3 1B IT, K-
FORGE with α = 0.800 lowers mean NPO forget
probability from 0.066 to 0.053 and extraction from
0.055 to 0.033 (Appendix Table 8). Mean utility
is 0.401 for both initializers at the reported preci-
sion, while Forget ROUGE increases from 0.298 to
0.365. For SimNPO, forget probability decreases
from 0.272 to 0.269 and utility from 0.410 to 0.409.
This comparison does not match total compute.

In the Qwen2.5 1.5B SimNPO pilot, scratch and
K-FORGE have the same rounded mean forget
probability (0.262) and utility (0.345) at both 50
and 100 steps (Appendix Table 9).

5.3 Transfer beyond TOFU

We additionally evaluate SimNPO on the News and
Books domains of MUSE with Llama 2 7B (Ap-
pendix Table 7). At 50 steps on News, K-FORGE
lowers KnowMem and VerbMem, raises extraction,

and changes retain quality from 0.534 to 0.532. At
100 steps, α = 1.000 lowers extraction from 0.303
to 0.301 and VerbMem from 0.573 to 0.551; retain
quality falls from 0.532 to 0.520, and KnowMem is
0.629 for both initializers at the reported precision.
On Books at 50 steps, KnowMem and VerbMem
increase and retain quality decreases. At 100 steps,
KnowMem decreases from 0.365 to 0.357, while
extraction and VerbMem increase and retain quality
decreases.

5.4 Ablations

Table 3 compares the initialization controls on
Llama 3.2 1B Instruct at 50 and 100 downstream
steps. K-FORGE has the lowest mean Forget Q/A
Probability in each optimizer and budget block.

For NPO at 50 steps, the random and weight-
SVD edits reduce mean forget probability from
0.093 for scratch to 0.082 and 0.084. The diagonal
and forget-only variants reduce it further to 0.058
and 0.062, while K-FORGE reaches 0.047. At 100
steps, K-FORGE has mean forget probability 0.029,
compared with 0.033 for the diagonal variant and
0.032 for forget-only. Weight-SVD and K-FORGE
have the same rounded utility, 0.587, but weight-
SVD has higher forget probability, 0.043.

For SimNPO at 100 steps, weight-SVD has
lower forget probability than the diagonal variant,
0.488 versus 0.500. K-FORGE reduces it to 0.413,
with utility 0.579 compared with 0.583–0.585 for
the other initialization controls.

Appendix Table 6 reports the controls on the
smaller TOFU splits. On forget05 at 100 NPO
steps, the random edit and K-FORGE have the
same rounded forget probability, 0.025. Weight-
SVD has higher utility than K-FORGE at that bud-
get, 0.592 versus 0.586. On forget01 at 100 NPO
steps, K-FORGE has forget probability 0.011, com-
pared with 0.012 for scratch, random, and weight-
SVD.

5.5 Relearning and Quantized Loading

We evaluate how the models change under direct
relearning and after quantized loading. For NPO
relearning, Appendix Table 11 uses a separate
Llama 3.2 1B series: scratch after 100 downstream
steps and K-FORGE with α = 0.600 after 50 steps.
We evaluate the checkpoints before relearning and
after 13 and 39 updates. The relearning comparison
uses a different checkpoint series from the main
matched-step and quantized-loading comparisons.
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Steps Method Initialization Utility↑ Forget Probability↓ Extraction↓

50

NPO
scratch 0.509±0.004 0.093±0.001 0.068±0.002

K-FORGE (0.450) 0.565±0.003 0.047±0.003 0.072±0.003

K-FORGE (0.600) 0.574±0.004 0.045±0.003 0.071±0.001

SimNPO
scratch 0.577±0.006 0.662±0.003 0.270±0.010

K-FORGE (0.450) 0.572±0.007 0.542±0.002 0.192±0.002

K-FORGE (0.600) 0.571±0.005 0.534±0.002 0.188±0.005

100

NPO
scratch 0.569±0.009 0.043±0.002 0.065±0.003

K-FORGE (0.450) 0.587±0.002 0.029±0.002 0.073±0.003

K-FORGE (0.600) 0.593±0.005 0.031±0.002 0.073±0.003

SimNPO
scratch 0.582±0.002 0.518±0.010 0.172±0.013

K-FORGE (0.450) 0.579±0.003 0.413±0.008 0.143±0.002

K-FORGE (0.600) 0.582±0.002 0.407±0.011 0.144±0.005

250

NPO
scratch 0.595±0.009 0.029±0.002 0.064±0.003

K-FORGE (0.450) 0.601±0.003 0.021±0.001 0.072±0.003

K-FORGE (0.600) 0.603±0.004 0.022±0.001 0.074±0.001

SimNPO
scratch 0.596±0.003 0.337±0.005 0.116±0.004

K-FORGE (0.450) 0.595±0.001 0.276±0.012 0.111±0.003

K-FORGE (0.600) 0.592±0.004 0.272±0.008 0.110±0.001

Table 2: K-FORGE initialization (α value in parentheses) against scratch on TOFU forget10. Entries are mean ±
sample standard deviation from standalone FP32 evaluation summaries (n = 3).

Method Init S50 S100

Utility↑ Forget Probability↓ Utility↑ Forget Probability↓

NPO

scratch 0.509±0.004 0.093±0.001 0.569±0.009 0.043±0.002

random 0.516±0.004 0.082±0.005 0.579±0.008 0.038±0.005

weight-SVD 0.538±0.012 0.084±0.006 0.587±0.003 0.043±0.001

diagonal 0.561±0.007 0.058±0.007 0.584±0.011 0.033±0.001

forget-only 0.543±0.004 0.062±0.004 0.582±0.003 0.032±0.001

K-FORGE 0.565±0.003 0.047±0.003 0.587±0.002 0.029±0.002

SimNPO

scratch 0.577±0.006 0.662±0.003 0.582±0.002 0.518±0.010

random 0.578±0.011 0.650±0.004 0.584±0.001 0.515±0.002

weight-SVD 0.574±0.005 0.619±0.006 0.585±0.003 0.488±0.005

diagonal 0.570±0.003 0.607±0.002 0.583±0.003 0.500±0.007

forget-only 0.572±0.005 0.619±0.006 0.583±0.001 0.491±0.004

K-FORGE 0.572±0.007 0.542±0.002 0.579±0.003 0.413±0.008

Table 3: Initialization controls on TOFU forget10 with Llama 3.2 1B Instruct (n = 3). S50 and S100 denote 50
and 100 downstream steps. Best displayed means are bolded within each method and step-budget block, including
ties.

After 13 relearning updates, mean forget prob-
ability increases by 0.494 for K-FORGE and by
0.329 for scratch. The reported p < 0.001 is
from a two-sided paired t-test on the three per-seed
changes in forget probability.

In the separate three-epoch runs, final forget
probability is 0.911 for K-FORGE and 0.730 for
scratch. After 39 updates, K-FORGE also has
higher mean forget probability than scratch for
Llama SimNPO and both Gemma optimizers (Ap-
pendix Table 13). Direct relearning increases forget
probability for both initializers.

For Llama NPO, quantized loading is applied to
the scratch S100 checkpoint and the K-FORGE S50

checkpoint. For Llama SimNPO, both initializers
use S50 checkpoints. Quantized evaluations are
paired with FP32 evaluations of the same source
checkpoints.

The corresponding FP32-to-quantized changes
in Forget Q/A Probability for scratch/K-FORGE
are +0.0018/ + 0.0016 for NPO at 8-bit loading
and +0.0084/+ 0.0117 for NPO at 4-bit loading.
The SimNPO changes are −0.0090/ − 0.0074 at
8-bit and −0.1397/− 0.0959 at 4-bit loading.

In the NPO quantization series, scratch/K-
FORGE mean forget probability is 0.049/0.054 af-
ter 8-bit loading and 0.056/0.064 after 4-bit loading
(Appendix Table 12). SimNPO has lower mean for-
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Size Edited W Calibration Time (s) FLOPs Eq. steps

n×m

examples /
input tokens

calib./edit/
end-to-end NPO/SimNPO

1B 2048×8192 512/47.7k 18/62/≤81 3.6·1014 7.0/8.2
3B 3072×8192 512/47.7k 51/104/≤145 9.3·1014 6.9/8.1

Table 4: One-time K-FORGE setup cost for one edited
layer. Analytical step equivalents include prompt and
answer input tokens. Timing intervals are nested: edit
time includes calibration, and end-to-end time addition-
ally includes startup and serialization. The 512 cali-
bration examples and 47.7k estimated input tokens are
totals over the forget and retain splits; the corresponding
factor-token rows are 9,515 and 9,099.

get probability with K-FORGE at both precisions.
On Gemma, NPO forget probability is 0.070 for
both initializers at the reported precision after 8-bit
loading; after 4-bit loading it is 0.058 for scratch
and 0.061 for K-FORGE. Gemma SimNPO has
lower mean forget probability with K-FORGE at
both precisions (Appendix Table 14).

5.6 K-FORGE compute overhead

K-FORGE adds one-time calibration, factoriza-
tion, and edit cost. Table 4 reports the analytical
setup estimate for one edited MLP down-projection.
The edit time spans calibration through applica-
tion; end-to-end also includes startup and serial-
ization. At 1B, the complete 80.2-second setup
is 40.7%/61.5% of evaluation-free NPO/SimNPO
S50 training. FLOPs include prompt and answer
tokens and exact factor rows; model passes con-
tribute 97.7%/99.1% at 1B/3B. The remaining
O(N(m2+n2)+m3+n3) factor cost limits wide
or multi-layer edits.

For Llama 3.2 1B, setup FLOPs equal about 7.0
NPO or 8.2 SimNPO training steps; the dynamic-
padding sensitivity calculation remains below 10
steps. The runs in Table 2 use equal downstream-
step budgets.

In a separate evaluation-free FP32 resource com-
parison, K-FORGE runs for 50 downstream steps
after setup, while scratch uses 73 NPO steps or 86
SimNPO steps. The K-FORGE totals include the
full 80.2-second setup and its FLOPs. K-FORGE
has lower mean total wall time than scratch for
both NPO and SimNPO. Because the optimizer-
step budgets differ, this comparison is resource-
covering rather than step-matched.

For the compute comparison, percentage

changes are computed from group means:

100
p̄scratch − p̄K-FORGE

p̄scratch
. (17)

In this comparison, K-FORGE reduces NPO
forget probability by 22.3% (p = 0.007, descrip-
tive) and increases utility by 0.028 (p < 0.001),
while extraction and ROUGE increase. For Sim-
NPO, K-FORGE has lower forget probability in
each paired comparison, with a mean reduction of
2.8% (p=0.126, descriptive). Mean extraction and
ROUGE decrease, and utility decreases by 0.011.
With setup included, K-FORGE uses less total time
and compute in both comparisons.

6 Conclusion

We introduced K-FORGE, a Fisher-guided initial-
izer with an exact full-rank Wiener solution and
a separable low-rank relaxation. It improves the
early Forget Q/A Probability trajectory of NPO and
SimNPO on TOFU; the NPO gain remains when
setup FLOPs and time are included, while Sim-
NPO has a smaller probability reduction and lower
utility. On Gemma 3 1B IT, both optimizers have
lower mean forget probability at 100 steps. Qwen’s
mean forget probability and utility are unchanged
at the reported precision, and MUSE results vary
by metric.

7 Limitations

K-FORGE requires downstream training and of-
fers no certified-erasure guarantee. Direct relearn-
ing recovers forgotten behavior. The lower Forget
Q/A Probability observed with NPO can coincide
with higher Extraction Strength and Forget Q/A
ROUGE. Transfer results vary across model fam-
ilies and MUSE metrics. For one 1B layer, com-
plete setup costs 40.7% of an evaluation-free NPO
S50 run and 61.5% of a SimNPO S50 run by wall-
clock time, versus 14.0% and 16.4% by analytical
FLOPs. Multi-layer and broader large-model scal-
ing remain open.
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A Proofs

Throughout this appendix we use the notation of Section 3. Let W ∈ Rn×m, A• ∈ Rm×m, B• ∈ Rn×n,
with Cholesky factors LA• , LB• and cross-Cholesky SVDs

KA = L−1
Ar

LAf
= UAΣAV

⊤
A ,

KB = L−1
Br

LBf
= UBΣBV

⊤
B.

The simultaneous diagonalizers are QA = L−⊤
Ar

UA and QB = L−⊤
Br

UB . Standard algebra gives
Q⊤

AAfQA = Σ2
A, Q⊤

AArQA = I, and analogously for QB . We parametrize the perturbation as
∆ = QBHQ⊤

A with H ∈ Rn×m.

A.1 Lemma: change of coordinates
Lemma 1. Let M := Q−1

B WQ−⊤
A . Then

J(∆) =
∑︂

j,i

[︂
σ2
A,iσ

2
B,j(Mji +Hji)

2 + λretH
2
ji

]︂
,

and M = Σ−1
B RΣ−1

A , where R = V⊤
BL

⊤
Bf

WLAf
VA.

Proof. By definition of M, W = QBMQ⊤
A, so W +∆ = QB(M+H)Q⊤

A. Using vec(QBXQ⊤
A) =

(QA ⊗QB) vec(X) and the diagonalizing identities,

∥W +∆∥2Ff
= vec(M+H)⊤

(︁
Σ2

A ⊗Σ2
B

)︁
vec(M+H) =

∑︂

j,i

σ2
A,iσ

2
B,j(Mji +Hji)

2. (18)

and analogously ∥∆∥2Fr
= ∥H∥2F .

For the second claim, KB = L−1
Br

LBf
gives LBrUB = LBf

VBΣ
−1
B , hence LBr = LBf

VBΣ
−1
B U⊤

B

and U⊤
BL

⊤
Br

= Σ−1
B V⊤

BL
⊤
Bf

. By analogous algebra, LArUA = LAf
VAΣ

−1
A . Therefore

M = Q−1
B WQ−⊤

A = U⊤
BL

⊤
Br

WLArUA

= Σ−1
B V⊤

BL
⊤
Bf

WLAf
VAΣ

−1
A

= Σ−1
B RΣ−1

A .

A.2 Proof of Theorem 1
Proof. By Lemma 1, J is separable across entries (j, i), so its Hessian in H is diagonal with entries
2(σ2

A,iσ
2
B,j + λret). Under the assumption σA,i, σB,j > 0 (Section 3.1), each entry is strictly positive, so

J is strictly convex and admits a unique minimizer. Setting the partial derivative to zero,

2σ2
A,iσ

2
B,j(Mji +Hji) + 2λretHji = 0,

yields

H⋆
ji = −

σ2
A,iσ

2
B,j

σ2
A,iσ

2
B,j + λret

Mji.

Substituting Mji = Rji/(σA,iσB,j) from Lemma 1,

H⋆
ji = −

σA,iσB,j

σ2
A,iσ

2
B,j + λret

Rji = −GjiRji,

so H⋆ = −(G⊙R). Mapping back,

∆⋆ = QBH
⋆Q⊤

A = −L−⊤
Br

UB(G⊙R)U⊤
AL

−1
Ar

.

For r = min(m,n) the rank constraint is inactive, so ∆⋆ is also the rank-r minimizer.
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A.3 Proof of Proposition 1
Proof. Set λret = 0. By Lemma 1,

J(∆)
⃓⃓
λ=0

=
∑︂

j,i

σ2
A,iσ

2
B,j(Mji +Hji)

2 = ∥ΣB(M+H)ΣA∥2F .

Using ΣBMΣA = R and defining Y := ΣBHΣA,

J |λret=0(H) = ∥Y +R∥2F .

Since ΣA,ΣB are invertible diagonal and QA,QB are invertible, rank(∆) ≤ r ⇔ rank(H) ≤ r ⇔
rank(Y) ≤ r. The constrained problem becomes

min
rank(Y)≤r

∥Y − (−R)∥2F ,

whose Eckart–Young (Frobenius) minimizer may be chosen as Yr = − SVDr(R); equivalently, any
rank-r SVD truncation of −R attains the optimum. For 1 ≤ r < rank(R), the minimizer is unique
when σr(R) > σr+1(R). If r ≥ rank(R), the unique minimizer is Y = −R; for r = 0, it is Y = 0.
Unscaling this choice gives Hr = −Σ−1

B SVDr(R)Σ−1
A , and

∆
(r)
λ=0 = QBHrQ

⊤
A = −L−⊤

Br
UBΣ

−1
B SVDr(R)Σ−1

A U⊤
AL

−1
Ar

.

A.4 Proposition 2: Limit consistency of the relaxation
Proposition 2. The relaxed edit ∆(r) in Eq. 10 is exact in two limits: (i) at r = min(m,n) it equals
the unique minimizer ∆⋆ from Theorem 1 for any λret ≥ 0; (ii) at λret = 0 it equals an exact rank-r
minimizer from Proposition 1 for any r.

Proof. Case (i): r = min(m,n). The truncation SVDr(Y
⋆) = Y⋆ is vacuous, so Hr = Σ−1

B Y⋆Σ−1
A =

−Σ−1
B ( ˜︁G⊙R)Σ−1

A . Entrywise,

(Hr)ji = −
˜︁Gji

σA,iσB,j
Rji = −

σA,iσB,j

σ2
A,iσ

2
B,j + λret

Rji = −GjiRji,

which is H⋆ from the proof of Theorem 1. Hence ∆(r) = QBH
⋆Q⊤

A = ∆⋆.
Case (ii): λret = 0. Then

˜︁Gji =
σ2
A,iσ

2
B,j

σ2
A,iσ

2
B,j

= 1.

Thus Y⋆ = −R, and any Yr = SVDr(−R) is an Eckart–Young minimizer of the transformed
problem. Unscaling Hr = Σ−1

B YrΣ
−1
A and mapping back ∆(r) = QBHrQ

⊤
A therefore yields an exact

rank-r minimizer characterized by Proposition 1.
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B Additional Experimental Results

Steps Method Initialization Utility↑ Forget Probability↓ Extraction↓ ROUGE↓

50
NPO scratch 0.589±0.021 0.086±0.005 0.057±0.006 0.237±0.010

K-FORGE 0.639±0.015 0.065±0.004 0.070±0.001 0.293±0.005

SimNPO scratch 0.636±0.005 0.691±0.008 0.351±0.007 0.587±0.006

K-FORGE 0.656±0.009 0.583±0.004 0.264±0.006 0.519±0.008

100
NPO scratch 0.648±0.024 0.034±0.003 0.055±0.004 0.260±0.012

K-FORGE 0.670±0.006 0.039±0.002 0.077±0.001 0.306±0.010

SimNPO scratch 0.647±0.009 0.517±0.006 0.223±0.005 0.486±0.004

K-FORGE 0.655±0.003 0.455±0.006 0.191±0.005 0.467±0.004

250
NPO scratch 0.665±0.008 0.027±0.003 0.057±0.003 0.261±0.007

K-FORGE 0.662±0.008 0.029±0.001 0.079±0.002 0.302±0.008

SimNPO scratch 0.662±0.005 0.334±0.002 0.151±0.001 0.434±0.009

K-FORGE 0.666±0.007 0.314±0.005 0.142±0.002 0.429±0.008

Table 5: Llama 3.2 3B Instruct results on TOFU forget10 (n = 3). K-FORGE uses α = 0.450; best displayed
means are bolded within each method and budget, including ties.

Split Method Init S50 S100

Utility↑ Forget Probability↓ Utility↑ Forget Probability↓

forget01

NPO

scratch 0.578±0.003 0.014±0.001 0.580±0.000 0.012±0.001

random 0.574±0.003 0.013±0.002 0.579±0.001 0.012±0.002

weight-SVD 0.577±0.002 0.013±0.002 0.582±0.001 0.012±0.001

K-FORGE 0.573±0.001 0.010±0.001 0.579±0.004 0.011±0.001

SimNPO

scratch 0.573±0.008 0.288±0.005 0.580±0.008 0.242±0.008

random 0.573±0.007 0.286±0.006 0.580±0.006 0.241±0.010

weight-SVD 0.575±0.006 0.304±0.007 0.578±0.007 0.256±0.014

K-FORGE 0.570±0.008 0.238±0.008 0.577±0.007 0.209±0.005

forget05

NPO

scratch 0.542±0.007 0.050±0.005 0.578±0.009 0.028±0.001

random 0.557±0.005 0.043±0.006 0.580±0.002 0.025±0.002

weight-SVD 0.573±0.007 0.043±0.003 0.592±0.002 0.034±0.002

K-FORGE 0.575±0.003 0.032±0.002 0.586±0.005 0.025±0.001

SimNPO
scratch 0.573±0.010 0.549±0.029 0.586±0.001 0.417±0.016

weight-SVD 0.575±0.007 0.476±0.010 0.588±0.003 0.375±0.005

K-FORGE 0.571±0.004 0.425±0.012 0.586±0.005 0.331±0.010

Table 6: Transfer initialization controls on TOFU splits forget05 and forget01 (n = 3). The forget05/SimNPO
block reports scratch, weight-SVD, and K-FORGE; a random-control result is not included. Best displayed means
are bolded within each split, method, and step-budget block, including ties.

Domain Steps Init. Extraction↓ KnowMem↓ VerbMem↓ Retain↑

News

50 scratch 0.307±0.002 0.630±0.006 0.574±0.002 0.534±0.007

50 K-FORGE 0.315±0.004 0.624±0.010 0.564±0.012 0.532±0.006

100 scratch 0.303±0.004 0.629±0.002 0.573±0.003 0.532±0.008

100 K-FORGE (0.450) 0.310±0.001 0.628±0.006 0.562±0.012 0.522±0.006

100 K-FORGE (1.000) 0.301±0.000 0.629±0.007 0.551±0.007 0.520±0.011

Books

50 scratch 0.911±0.000 0.411±0.013 0.994±0.005 0.649±0.001

50 K-FORGE 0.911±0.000 0.426±0.005 0.996±0.002 0.645±0.006

100 scratch 0.852±0.025 0.365±0.010 0.955±0.020 0.610±0.006

100 K-FORGE 0.869±0.020 0.357±0.002 0.963±0.013 0.586±0.017

Table 7: MUSE transfer with SimNPO and Llama 2 7B (n = 3). K-FORGE uses α = 0.450 unless shown otherwise.
Best displayed means are bolded within each domain and step-budget block, including ties.
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Method Initialization Utility↑ Forget Probability↓ Extraction↓ ROUGE↓

NPO scratch 0.401±0.002 0.066±0.002 0.055±0.004 0.298±0.013

K-FORGE 0.401±0.013 0.053±0.003 0.033±0.002 0.365±0.009

SimNPO scratch 0.410±0.002 0.272±0.000 0.127±0.003 0.399±0.004

K-FORGE 0.409±0.002 0.269±0.000 0.122±0.001 0.395±0.005

Table 8: Gemma 3 1B comparison at 100 downstream steps with α = 0.800 (n = 4). Best displayed means are
bolded within each optimizer, including ties.

Steps Init. n Utility↑ Forget Probability↓ Extraction↓ ROUGE↓
50 scratch 3 0.345±0.002 0.262±0.000 0.121±0.001 0.359±0.004

50 K-FORGE 3 0.345±0.002 0.262±0.000 0.121±0.001 0.356±0.003

100 scratch 3 0.345±0.000 0.262±0.000 0.120±0.001 0.361±0.004

100 K-FORGE 3 0.345±0.000 0.262±0.000 0.121±0.001 0.360±0.004

Table 9: Qwen2.5 1.5B SimNPO pilot on TOFU forget10. K-FORGE edits layer 15 with rank 2 and α = 0.450.
Best displayed means are bolded within each budget, including ties.

Method Initialization Steps FLOPs (1015) Total wall Forget Utility↑ Extraction↓ ROUGE↓
Train Setup (s) Probability↓

NPO scratch 73 3.78 0.00 285.5 0.059 0.549 0.067 0.263
NPO K-FORGE 50 2.59 0.36 277.2 0.046 0.577 0.072 0.272

SimNPO scratch 86 3.80 0.00 221.6 0.553 0.583 0.196 0.487
SimNPO K-FORGE 50 2.21 0.36 210.5 0.537 0.572 0.188 0.454

Table 10: Independent FP32 comparison on TOFU forget10 using paired runs (n = 3), with evaluation excluded
from timing. K-FORGE totals include the full 80.2-second setup and its FLOPs. K-FORGE uses less total wall time
and fewer FLOPs than scratch in both optimizer comparisons.

Updates Initialization Utility↑ Forget Probability↓ Extraction↓ ROUGE↓

0 scratch 0.568 0.047 0.067 0.268
K-FORGE 0.575 0.052 0.073 0.272

13 scratch 0.455 0.376 0.112 0.376
K-FORGE 0.493 0.546 0.200 0.474

39 scratch 0.493 0.730 0.407 0.622
K-FORGE 0.510 0.911 0.812 0.884

Table 11: NPO relearning results (n = 3) from a separate experiment series. Scratch uses an S100 checkpoint;
K-FORGE uses S50 with α = 0.600. Updates count relearning steps, with 0 denoting the pre-relearning checkpoint.
Values at 0 and 13 updates are from one-epoch runs; values at 39 updates are from separate three-epoch runs. Best
displayed means are bolded within each update block, including ties.

Pair Load Forget Probability↓ Utility↑ Extraction↓ ROUGE↓
NPO 8-bit 0.049/0.054 0.564/0.569 0.066/0.071 0.270/0.275
NPO 4-bit 0.056/0.064 0.531/0.526 0.062/0.065 0.265/0.268
SimNPO S50 8-bit 0.694/0.561 0.575/0.573 0.284/0.192 0.547/0.465
SimNPO S50 4-bit 0.563/0.472 0.532/0.528 0.178/0.137 0.468/0.427

Table 12: Post-quantization results from paired scratch/K-FORGE runs (n = 3); each cell lists scratch/K-FORGE.
For NPO, the source checkpoints are S100 for scratch and S50 for K-FORGE; for SimNPO, both source checkpoints
are S50. Eight-bit loading uses load_in_8bit; four-bit loading uses NF4 quantization with bfloat16 compute
and double quantization disabled. The quantized checkpoints come from a series distinct from the relearning
comparison.
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Model Method Updates Initialization Forget Probability↓ Utility↑ Extraction↓ ROUGE↓

Llama 1B SimNPO

0 scratch 0.545 0.585 0.184 0.480
K-FORGE 0.569 0.575 0.202 0.466

13 scratch 0.803 0.560 0.539 0.708
K-FORGE 0.874 0.564 0.694 0.815

39 scratch 0.978 0.565 0.968 0.984
K-FORGE 0.982 0.553 0.977 0.987

Gemma 1B NPO

0 scratch 0.074 0.350 0.031 0.318
K-FORGE 0.074 0.357 0.030 0.383

13 scratch 0.261 0.352 0.119 0.414
K-FORGE 0.295 0.374 0.135 0.415

39 scratch 0.501 0.395 0.197 0.490
K-FORGE 0.552 0.394 0.225 0.520

Gemma 1B SimNPO

0 scratch 0.273 0.404 0.127 0.406
K-FORGE 0.270 0.403 0.122 0.402

13 scratch 0.353 0.385 0.145 0.436
K-FORGE 0.353 0.385 0.145 0.433

39 scratch 0.658 0.396 0.283 0.597
K-FORGE 0.665 0.393 0.296 0.598

Table 13: Additional relearning results (n = 3). For Llama, scratch uses an S100 checkpoint and K-FORGE uses an
S50 checkpoint with α = 0.600. For Gemma, both initializers use S50 checkpoints and K-FORGE uses α = 0.800.
Update 0 is the pre-relearning operating point. The Gemma relearning series is separate from the four-seed S100
initialization comparison. Best displayed means are bolded within each model, method, and update block, including
ties.

Method Load Initialization Forget Probability↓ Utility↑ Extraction↓ ROUGE↓

NPO

8-bit scratch 0.070 0.388 0.053 0.302
8-bit K-FORGE 0.070 0.390 0.034 0.368
4-bit scratch 0.058 0.327 0.035 0.330
4-bit K-FORGE 0.061 0.295 0.030 0.399

SimNPO

8-bit scratch 0.269 0.403 0.123 0.402
8-bit K-FORGE 0.266 0.403 0.121 0.402
4-bit scratch 0.219 0.388 0.102 0.419
4-bit K-FORGE 0.214 0.390 0.101 0.417

Table 14: Gemma 3 1B results after 8-bit and 4-bit loading (n = 4). Best displayed means are bolded within each
method and precision, including ties.
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