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Abstract

Transformer-based large language models (LLMs), trained via backpropa-
gation on massive textual corpora, encode substantial factual knowledge,
yet may also retain false or outdated associations. Prior work on factual
editing in LLMs shows that fine-tuning (FT) often induces a repelling ef-
fect, degrading generalization and overwriting non-targeted knowledge,
motivating alternative approaches such as rank-1 optimizations. In this
work, we revisit knowledge editing in LLMs through FT by analyzing
the activations and Vector-Jacobian Products (VJPs), the error signals pro-
duced during backpropagation when learning new facts. We show that
each layer and token induces its own error signals, and that attempts to
edit a specific association can inadvertently encourage the model to mem-
orize the entire prompt in a diffuse or inefficient manner. Building on
this analysis, we introduce Precise-FT (PFT), a method that constructs gra-
dient updates from a small set of projected error signals most strongly
associated with the learned fact, achieving strong performance across
multi-knowledge editing benchmarks and LLMs. Our code is available at:
https://github.com/shaharkatz3/PFT.

1 Introduction

Transformer-based large language models (LLMs) encode a substantial amount of factual
knowledge during pre-training, which may become outdated, misleading, or incorrect
over time. A substantial body of work has therefore studied how to edit specific factual
associations in a precise manner, without deleting other associations or damaging the LLMs’
general capabilities to generate text.

Early work in this area included continuous fine-tuning (FT) and hyper-network-based
editing approaches (Zhu et al., 2020; Mitchell et al., 2021). A pivotal work by Meng et al.
(2022) proposed a low-rank, closed-form solution based on a rank-one update (Bau et al.,
2020), which steers model activations by mapping entity representations to those that
produce the desired target objects. Follow-up works, such as MEMIT (Meng et al., 2023),
extended this approach to support multiple editing scenarios simultaneously and to reduce
the degradation that such edits impose on the model (Ma et al., 2025; Gu et al., 2024; Fang
et al., 2025). The success of these approaches has shifted attention away from FT, despite
FT being the most natural mechanism for updating a model in the same optimization
framework used during pre-training (Yao et al., 2023; Zhang et al., 2024).

In this work, we revisit FT for precise knowledge editing through two complementary
lenses. First, we analyze the Vector-Jacobian Products (VJPs), the per-token error signals
produced during backpropagation. We show that FT updates are influenced by VJPs from
all tokens in the prompt, rather than being restricted to those directly relevant to the edited
fact, and that this diffuse signal can cause edits to interfere with one another across training
steps. Second, we examine the structure of FT gradients and identify noise components
induced by the proximity of layer activations in the embedding space. To mitigate this
effect, we leverage coordinate-wise statistics at each layer to reshape the update directions,
a process we refer to as covariance smoothing.
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Building on these observations, we introduce Precise-FT (PFT), a method that refines the
fine-tuning process by selecting and projecting the signals that contribute to each gradient
update. Empirically, PFT achieves state-of-the-art performance across multiple knowledge
editing benchmarks and LLMs on both massive and sequential editing tasks, exhibiting
negligible degradation of overall model capabilities compared to existing methods. Unlike
closed-form locate-and-edit methods, PFT directly controls which token-level FT error
signals contribute to iterative updates, without constraining each association to a single
rank-one injection.

In summary, our contributions are: (i) a mechanistic analysis of FT, showing that VJPs
induce distributed error signals that lead to interference and imprecise updates; (ii) the
identification of a key FT failure mode driven by similarity between edited and unrelated
activations; (iii) the introduction of Precise-FT (PFT), which builds updates from relevant
token-level error signals with covariance-based smoothing; (iv) a new analysis of the
rank-1 methods, presenting their smoothing aspect; and (v) extensive empirical evaluation
demonstrating that PFT achieves state-of-the-art performance across multiple benchmarks,
while preserving general model capabilities and enabling efficient, scalable editing.

2 Related Work

Knowledge editing studies how to update factual associations in LLMs. For example,
given the prompt “The T-rex was a type of”, a model may produce the answer “dinosaur”.
Previous work formalizes such knowledge using triplets of the form (s, r, o), where a relation
r connects a subject s (e.g., T-rex) to an object o (e.g., dinosaur). Widely used benchmarks for
evaluating this task include CounterFact (Meng et al., 2022) and ZSRE (Levy et al., 2017),
where a new object is given for a set of associations, such as “The T-rex was a type of music”.

Early work on knowledge editing attempted to solve this problem through continued fine-
tuning (FT) of pre-trained LLMs (Zhu et al., 2020). These approaches were limited in their
ability to generalize beyond the prompts used during FT and often caused unintended
changes to unrelated knowledge. Recent attempts to revisit FT either rely on large amounts
of external data or substantial computational resources (Gangadhar & Stratos, 2024). Meta-
learning approaches, such as MEND (Mitchell et al., 2021), also added a hypernetwork to
predict parameter updates, introducing additional model components and training over-
head. Despite these efforts, FT remains limited in its ability to perform precise knowledge
editing efficiently without failing to preserve the model’s broader capabilities.

As interpretability research progressed, studies pointed to the role of MLP layers as key
components responsible for storing factual knowledge, serving as associative key–value
memories (Geva et al., 2021; Elhage et al., 2021). Building on this observation, Rank-One
Model Editing (ROME) (Meng et al., 2022) employs a locate-and-edit approach: it first
optimizes a value vector for each edited relation, and then injects it into the target layer
using the normal equations (Lang, 2012), effectively replacing the iterative nature of FT with
a single closed-form update. The subsequent work of MEMIT (Meng et al., 2023), enabled
multiple editing simultaneously by distributing updates across layers. RECT, PRUNE and
AlphaEdit (Gu et al., 2024; Ma et al., 2025; Fang et al., 2025) improved MEMIT’s robustness in
batch editing, where associations are given in a sequential setting. In spite of these advances,
direct editing approaches still exhibit degradation as the number of edits grows and rely on
low-rank updates that restrict the expressiveness of each modification. See Appendix A for
further details about closed-form solution methods.

Another line of work proposes augmenting LLMs with additional parameters or external
memory components that store edited knowledge. Methods such as WISE (Wang et al., 2024;
Hu et al., 2024), MELO (Yu et al., 2024), and prompt-based editing approaches (Madaan et al.,
2022) avoid modifying the internal parameters of the base model and instead route edited
knowledge through auxiliary mechanisms. In this work, we focus on methods that directly
modify the parameters of pre-trained LLMs, and therefore (like other SOTA knowledge
editing methods) do not compare against approaches that rely on external editing modules.
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3 Background

In this section we review the Generative Pre-trained Transformer (GPT) architecture and the
backward-pass formulation used during training and FT. For further details on transformer
LLMs we refer the reader to Vaswani et al. (2017); Brown et al. (2020).

Transformer Language Models We consider GPT-based autoregressive LLMs composed
of L transformer blocks connected through a shared residual stream. Given an input
prompt of n tokens (t1, . . . , tn), the model embeds each token and predicts the next token
conditioned on all previous ones.

Let xl
i ∈ Rd denote the hidden representation (activation) of token i at layer l where d ∈N is

the hidden dimension. Each transformer block consists of a self-attention module followed
by an MLP (feed-forward network). Ignoring layer normalization and dropout for clarity,
the hidden state update can be written as xl+1

i = xl
i + Attn(xl

i) + MLP
(

xl
i + Attn(xl

i)
)

.
The attention mechanism mixes information between tokens, while the MLP operates
independently on each token representation. Prior work suggests that much of the static
factual knowledge stored in LLMs resides in the MLP layers (Meng et al., 2022; Fang et al.,
2025). The MLP typically consists of two linear matrices separated by a nonlinearity σ(·):

MLP(x) = W2σ(W1x⊤), W1, W⊤2 ∈ Rd2×d. (1)

After the final transformer block, the representation of the last token is projected using a
decoding matrix D ∈ R|V|×d, where V is the vocabulary. The probability distribution over
the next token is then obtained via ŷi = DxL

i , p(ti+1 | t≤i) = softmax(ŷi).

Backward Pass and VJPs During training and FT, model parameters are updated using
backpropagation (Le Cun, 1988; Katz & Wolf, 2025). While the forward pass propagates
token activations through the network, the backward pass propagates error signals in the
opposite direction. Training typically minimizes the negative log-likelihood (NLL) loss be-
tween the predicted token distribution and the target token with indices t. Backpropagation
computes gradients with respect to every activation in the network. For each token i at layer
l, the backward signal is: L = NLL(p, t) = ∑n

i=1− log pi[t], δl
i =

∂L
∂xl

i
∈ Rd. These signals,

δl
i , are commonly referred to as Vector-Jacobian Products (VJPs).

Gradients with respect to a weight matrix W can be expressed as the sum of outer products
between each of the input’s tokens’ activations and their corresponding backward signals.
Finally, parameters are then updated using a learning rate η:

∂L
∂W

=
n

∑
i=1

x⊤i
∂L

∂(Wx⊤i )
=

n

∑
i=1

x⊤i δi, W ←W − η

(
∂L
∂W

)⊤
(2)

4 Activations and VJP-Based Analysis of FT

In this section, we examine how the activations and VJPs produced during FT shape the
resulting gradients and influence the model’s future inferences. Throughout this section,
we use three representative models: GPT2-XL (1.5B) (Brown et al., 2020), GPT-J (6B) (Wang
& Komatsuzaki, 2021), and Llama-3 (8B, Instruct) (Grattafiori et al., 2024).

We begin by revisiting an observation by Katz et al. (2024) regarding the effect of a single FT
step. Consider a weight matrix W that is updated using a single gradient step on a prompt
whose corresponding activations are x1, . . . , xn, with backward signals (VJPs) δ1, . . . , δn. The
gradient of this step is given by a sum of outer products between activations and VJPs.
Following the update rule in Equation 2, we analyze how a new activation x̃ is processed by
the updated weights W̃:

W̃x̃⊤ =

(
W − η

(
∂L
∂W

)⊤)
x̃⊤ = Wx̃⊤ − η

(
n

∑
i=1

x⊤i δi

)⊤
x̃⊤ = Wx̃⊤ − η

n

∑
i=1

δ⊤i (xi x̃⊤) (3)
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Figure 1: The mean norm of the VJPs with respect to each transformer layer’s output.

This decomposition consists of two components: the original output Wx̃⊤, and an additive
term induced by the update, η ∑i δ⊤i (xi x̃⊤). The second component is directed along each
VJP δ⊤i and scaled by the inner product xi x̃⊤, i.e., the similarity between the new activation
and the activations observed during FT.

For precise editing, we would prefer that the output for unrelated activations remain
unchanged, for example, when x̃ corresponds to a prompt from another domain of the
FT’s one. This would require approximate orthogonality between x̃ and the activations
observed during FT: xi x̃⊤ ≈ 0. Otherwise, the output for x̃ will deviate from its original
value, introducing unintended changes that may propagate through subsequent layers.

4.1 Affected Tokens

Closed-form solutions are limited to rank-one updates due to their reliance on key–value
pair injections (Appendix A). Consequently, given a relation (s, r, o), prior work such as
ROME and MEMIT (Meng et al., 2022; 2023) focuses on modifying only the activation of the
final subject token s, overlooking potential contributions from other tokens.

However, as shown in Equation 3, each token in the prompt contributes to the gradient
through its corresponding VJP. To study this effect, we sample 100 relations from Coun-
terFact (Meng et al., 2022) and measure the norms of the VJPs δi at selected layers during
individual FT steps. Following prior work that identifies the second MLP projection matrix
W2 as a primary location of stored information in LLMs (Geva et al., 2021; Meng et al., 2023),
we focus our analysis on these layers. The mean VJPs’ norms of W2 are presented in Figure 1,
grouped by layer index and token positions within the prompt.

As expected, the largest VJP norms are observed at the last subject token, consistent with
Meng et al. (2022), and in the prompt’s last token, where the calculation of the loss is the
closest. However, we also notice high norms in other tokens of the subject tokens, especially
its middle one, where the binding of the subject entity is aggregated between multiple
tokens (Elhage et al., 2021; Geva et al., 2023).

Additionally, we observe non-negligible contributions from additional token positions, par-
ticularly early tokens in the prompt and layers. This observation has important implications:
consider two prompts, where only one is used during FT: the edited prompt “The T-rex
was a type of”, and a non-edited prompt “The T-bone is a type of”. Under the GPT2-XL
tokenizer, both prompts share the same three-token prefix “The T-”, and therefore induce
the same activations for these prefix tokens. As a result, FT updates computed on the edited
prompt may also affect the forward pass of the non-edited prompts, especially when it
accumulates across training steps.

This analysis suggests that while it is beneficial to ignore error signals originating from
non-subject tokens, restricting updates solely to the final subject token is suboptimal, as
relevant information may be distributed across the subject’s multiple tokens.

4



Published as a conference paper at COLM 2026

4.2 Correlation Between Different Tokens

While the previous section focused on tokens that are shared across prompts and therefore
induce identical activations, we now study the correlation between different tokens. In
particular, we focus on subject tokens, which reduces the influence of common filler and
structural tokens and highlights semantic differences between prompts.

Consider two prompts, where only one is used during FT: the edited prompt “The T-rex
was a type of”, and a non-edited prompt “The T-bone is a type of”. While the prefixes are
similar, the subject suffixes differ, “rex” vs. “bone”, leading to distinct token representations.
In this section, we quantify how similar their activations are. We sample 100 relations from
CounterFact and compute the average cosine similarity between activations corresponding
to different subject suffixes across models and layers. We observe that this similarity ranges
between 0.05 and 0.25, depending on the model and layer index.

This result indicates that even semantically distinct tokens exhibit non-negligible correlation
in their representations. Formally, in Equation 3, the interaction x⊤i x̃ is rarely zero, implying
that VJPs δi contribute to the output of activations that are not directly associated with the
edited prompt. As a consequence, editing one prompt may influence the processing of
another, even when the tokens differ, leading to unintended propagation of editing signals.

5 PFT: Precise-FT

In this section we present Precise-FT (PFT), a knowledge editing method for LLMs, designed
to mitigate the two phenomena identified in section 4 and to enable targeted modification
of factual associations while minimizing unintended changes to unrelated knowledge.

Selective Error Signals. As shown in subsection 4.1, standard FT propagates error signals
from all tokens in the prompt, each contributing its own VJP. However, only a subset of
these tokens, primarily those corresponding to the subject s, are directly relevant to the
edited relation. Therefore, PFT modifies the backward pass by selectively constructing
gradients using only the VJPs corresponding to the subject’s suffix tokens, which are most
relevant to the desired edit. Formally, we define the updated gradients as:

∆suffix = ∑
i∈s suffix

x⊤i
∂L

∂(Wx⊤i )
= ∑

i∈s suffix
x⊤i δi, W ←W − η∆⊤suffix. (4)

This formulation restricts the update to a subset of token-level gradient components, localiz-
ing the edit to the representations most relevant to the target association. We note that the
decision to use subject suffixes is motivated not only by the large VJP norms observed at
these positions in Figure 1, but also by prior work linking subject suffixes to the formation
of entity representations (Kaplan et al., 2025; Morand et al., 2025).

Given a maximum suffix length k and a subject containing m tokens, PFT selects only the
final min(k, m) subject tokens and never extends the selection to non-subject tokens. We use
k = 4, the median subject length under the GPT2 tokenizer, which captures most subject
spans while bounding computation. In subsection C.6, we study the effect of varying the
length of the selected suffix and analyze its impact on editing performance, leaving adaptive
per-example selection as a direction for future work.

Smoothing Projection. We revisit the formation of token-level gradients (Equation 2):
given an activation x ∈ Rd and its corresponding VJP δ, the gradient is given by their outer
product. If x is highly correlated with typical activations from the same layer, denoted by
K0 = {k̂i} ⊆ Rd, then its contribution may introduce unintended interference, as discussed
in subsection 4.2. To mitigate this effect, we seek a transformed vector x′ that remains close
to x while being approximately orthogonal to the vectors of K0. Formally, we solve:

x′ = arg min
x̂
∥x̂− x∥2

2 + ∥x̂⊤K0∥2
2, (5)

This optimization admits the following solution via regularized least squares:

x⊤smooth = x′⊤ = x⊤
(

K0K⊤0 + I
)−1

. (6)
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We rewrite Equation 6 for batch editing given a set of activations x1, . . . , xn:

X = [x1 | x2 | . . . | xn] ∈ Rd×n, X⊤smooth = X⊤
(

K0K⊤0 + I
)−1

= X⊤M−1 (7)

However, computing matrix inverses at every FT step is computationally prohibitive, with
computational complexity O(d3). Instead of recomputing matrix inverses at each step, we
perform a one-time LU decomposition (Van Loan & Golub, 1996) and efficiently compute
the smoothed activations via:

M = P⊤permLU, X⊤smooth = X⊤M−1 = X⊤U−1L−1Pperm (8)

where Pperm is a permutation matrix and L, U ∈ Rd×d are triangular matrices. This reduces
the per-step complexity to O(d2n), which is comparable to standard matrix multiplications,
making the approach practical for iterative FT.

We note that the LU decomposition could be replaced with naive matrix inversion, as well as
Cholesky decomposition since M = M⊤ is symmetric and positive semi-definite. However,
we find the LU decomposition to be more stable, as numerical noise and finite-sample
estimation of K0 may lead to deviations from exact symmetry or positive definiteness.

In Appendix A, we show via a new reformulation that methods such as MEMIT (Meng
et al., 2023) incorporate similar smoothing mechanisms. However, these approaches rely on
closed-form updates, which limit iterative application and constrain the update to low-rank
structure, in contrast to PFT.

Additional Implementation Considerations. In this section, we briefly describe key
design decisions in our implementation. Additional details are provided in Appendix B,
along with ablation studies that validate these choices.

Materialize the Covariance Matrix. To compute Equation 6, we require an estimate of K0.
Following prior work (Meng et al., 2022), we collect activations from general text using
n0 = 100,000 samples from Wikipedia. In practice, instead of storing K0 ∈ Rd×n0 , we
compute its covariance matrix K0K⊤0 ∈ Rd×d: K0K⊤0 = λ0

n0
∑n0

i=1 k̂i k̂⊤i , λ0 ∈ R, which has
constant size and is significantly more memory-efficient, since d ≪ n0. This covariance
matrix captures the statistical correlations between activation dimensions. Consequently,
the transformation in Equation 6 can be interpreted as covariance smoothing, suppressing
directions in the activation space that are strongly correlated with typical representations.
Finally, to account for the evolving activation distribution during FT, we maintain an
updated covariance estimate by accumulating batch statistics K0K⊤0 ← K0K⊤0 + XX⊤ and
periodically recompute the LU decomposition every 1,500 steps to reflect these updates.

Layer Selection. We apply the editing to the second MLP matrix, W2, following previous
editing methods selection (Meng et al., 2022). In particular, MEMIT selects a subset of
W2 layers, typically five, based on causal mediation analysis (Pearl, 2022; Vig et al., 2020),
identifying layers where the influence of the last subject token is strongest. Since PFT
operates on the suffix of subject tokens, we adopt a similar number of edited layers, but
shift them slightly by 1− 3 layers earlier based on grid search tuning. This choice reflects
layers that build entity representations, allowing us to better localize edits at the level of
subject encoding (Meng et al., 2022; Elhage et al., 2021).

6 Experiments

Smoothing Projection To evaluate the effect of the smoothing transformation used by
PFT, we repeat the experiment from subsection 4.2 and measure cosine similarity between
subject-suffix activations before and after applying covariance smoothing. The results are
shown in Figures 2(a) and 2(b) for three randomly sampled prompts using GPT-J, and
summarized across layers in Figure 2(c). We observe that this transformation significantly
reduces correlations between different activations, driving cosine similarity from values in
the range 0.1–0.25 toward near orthogonality.
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Figure 2: GPT-J cosine similarity between forward pass activations of last subject tokens,
before and after projections. In (a) and (b) we visualize three associations, each with its base
prompt (P) and one augmentation (A), sampled from the MLP of layer 1.

Taken together with the results from section 4, our analysis shows that VJPs encode updates
that are inherently distributed across tokens and correlated in the activation space. These
observations motivate the need for methods that explicitly control which error signals
contribute to the update.

Massive and Sequential Knowledge Editing We evaluate PFT on the task of knowledge
editing using GPT2-XL, GPT-J, and Llama-3. We use these three models to match prior
knowledge-editing evaluations, such as Meng et al. (2022) and Fang et al. (2025).

For comparison with prior work, we include ROME (Meng et al., 2022), MEMIT (Meng
et al., 2023), PRUNE (Ma et al., 2025), RECT (Gu et al., 2024), NSE (Jiang et al., 2025b) and
AlphaEdit (Fang et al., 2025). For comparison with standard fine-tuning, we use the FT
method proposed by Zhu et al. (2020), which updates only a single W2 layer and has been
widely adopted in prior comparative studies as the representative fine-tuning baseline
(Meng et al., 2022; Fang et al., 2025); we refer to this baseline as FT (old) to distinguish it from
our own FT-based editing implementations. Our selection of methods focuses on approaches
that directly modify the second MLP projection matrix W2, without introducing additional
parameters or architectural components, such as in Wang et al. (2024), and without the need
for additional model training (Mitchell et al., 2021). Furthermore, we restrict our comparison
to efficient methods that (i) can be executed on a single GPU within a few hours, and (ii) do
not require training on large auxiliary datasets.

In addition, we also include three ablations: (i) our implementation of FT, FT-Updated,
which follows the PFT pipeline without selective VJPs or smoothing, (ii) a variant of PFT
that incorporates selective VJPs but without smoothing, PFT w/o smooth and (iii) a PFT
variant with only covariance smoothing, PFT w/o s.VJPs. All ablations use the same PFT
optimization pipeline, including the same edited layers and hyperparameters.

We evaluate two datasets: CounterFact (Meng et al., 2022) and ZSRE (Levy et al., 2017).
Given an edited relation (s, r, o), we report the editing criteria of Efficacy (Eff.), Generaliza-
tion (Gen.) (paraphrase score), Specificity (Spe.) (Neighborhood score). We follow prior
work (Meng et al., 2023; Fang et al., 2025), and provide for CounterFact the success score of
each criterion (whether the new answer o achieves higher probability compared to ground
truth answer) and for ZSRE we report the metric accuracy (whether the desired answer
receives the highest probability). In addition, we provide for the harmonic scores of these
three criteria, known as Editing Score. Following Meng et al. (2023), we also provide for
CounterFact a generation-based Fluency (Flu.) metric, defined as a weighted combination
of bi-gram and tri-gram generation entropy.

Following prior work (Meng et al., 2023; Fang et al., 2025) we consider two evaluation
paradigms: (i) one-shot editing, where 10,000 relations are edited simultaneously, and (ii)
sequential (batch) editing, where 2,000 relations are processed in batches of 100 across
20 iterations. Tables 1 and 2 show that PFT achieves the strongest overall performance
on CounterFact in both one-shot and sequential editing. In the one-shot setting, PFT
outperforms the best baseline by 1–8 editing-score points across the three models, while in
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Method LLM CounterFact (success) ZSRE (accuracy)

Eff. Gen. Spe. Flu. Score Eff. Gen. Spe. Score

Pre-Edited

G
PT

-J

15.2 17.6 83.5 618.5 22.3 26.4 25.8 27.0 26.4

ROME 48.7 49.5 51.1 563.9 49.8 19.3 17.8 0.9 2.4
MEMIT 99.0 88.7 73.8 615.3 85.9 95.4 89.4 26.4 50.4
PRUNE 85.5 82.0 56.8 557.7 72.3 30.4 29.3 15.8 23.0
RECT 88.8 64.8 79.2 619.0 76.3 71.5 63.1 26.6 44.4
NSE 92.8 73.6 76.5 603.0 80.1 44.8 43.3 25.8 35.7
AlphaEdit 99.1 86.5 68.5 589.8 82.8 87.0 76.5 22.3 43.2
FT (old) 97.9 72.3 34.5 591.3 56.6 0.0 0.0 0.0 0.0
FT (updated) 100.0 95.0 47.1 417.9 71.9 99.8 98.2 3.9 10.8
PFT w/o smooth 66.5 62.3 52.2 505.4 59.7 0.1 0.1 0.0 0.1
PFT w/o s.VJPs 98.9 74.3 50.4 535.1 69.1 99.9 98.5 25.9 51.0
PFT 99.0 95.9 71.7 607.6 87.0 99.8 97.5 24.5 49.1

Pre-Edited

G
PT

2-
X

L

21.8 24.2 78.3 613.0 30.0 22.2 21.3 24.2 22.5

ROME 50.3 48.9 51.9 598.9 50.3 19.5 17.4 1.3 3.5
MEMIT 79.5 65.5 69.9 609.1 71.2 63.9 59.3 26.0 42.3
PRUNE 84.4 77.2 58.2 595.1 71.5 30.8 29.1 16.0 23.2
RECT 62.5 48.7 74.6 610.4 60.1 49.3 45.4 25.7 37.0
NSE 74.0 59.3 70.1 554.1 67.2 34.9 33.1 22.5 29.0
AlphaEdit 93.1 77.0 64.6 587.0 76.5 57.7 52.7 20.8 35.5
FT (old) 98.3 64.3 47.2 546.2 64.0 57.8 54.5 6.3 15.4
FT (updated) 82.0 79.6 52.8 327.3 68.7 91.9 90.0 17.1 37.4
PFT w/o smooth 58.3 53.4 52.5 567.6 54.6 15.1 13.8 0.3 0.8
PFT w/o s.VJPs 100.0 61.9 50.5 575.3 65.3 99.9 92.8 26.8 51.7
PFT 99.0 93.1 63.6 591.1 82.0 99.7 90.4 24.2 48.1

Pre-Edited

Ll
am

a-
3-

8B

6.9 9.3 89.5 623.5 11.4 35.7 34.8 31.8 34.0

ROME 50.0 50.0 48.4 448.6 49.5 0.0 0.0 23.4 0.0
MEMIT 94.4 76.0 82.0 614.8 83.5 86.9 82.8 32.5 55.2
PRUNE 93.8 83.3 59.6 599.5 76.0 21.4 18.9 18.1 19.3
RECT 60.9 42.3 87.6 618.9 58.3 71.7 66.6 32.3 50.0
NSE 75.6 47.3 86.7 590.2 65.4 45.9 45.7 31.5 39.8
AlphaEdit 90.6 72.4 81.6 613.3 80.9 84.8 80.8 32.5 54.6
FT (old) 100.0 91.7 35.7 410.6 61.3 63.9 58.9 45.0 54.7
FT (updated) 100.0 97.0 43.0 100.8 68.8 99.8 97.8 12.3 29.6
PFT w/o smooth 99.0 92.2 51.7 204.8 74.5 93.7 87.4 4.0 10.9
PFT w/o s.VJPs 100.0 73.2 52.4 439.0 70.2 96.3 92.6 34.2 59.5
PFT 98.7 94.1 84.7 618.3 92.1 91.2 84.1 31.8 55.2

Table 1: Knowledge editing of 10,000 relations for CounterFact and ZSRE. The best scores
are highlighted in bold and the second best are underlined. The colored rows highlight our
method, PFT, and its ablations.

the sequential setting its advantage remains consistent at 1–6 points. The strongest overall
results are obtained on Llama-3, where PFT reaches an editing score of 92.1 in one-shot
editing and 93.9 in sequential editing, while exhibiting almost no degradation in fluency.
Across models, the performance gains of PFT are driven primarily by consistently stronger
generalization, while maintaining high specificity.

On ZSRE, PFT remains highly competitive, although its advantage is smaller. Across both
one-shot and sequential editing, PFT consistently belongs to the top group of methods
and is typically ranked first or second. For example, in the sequential setup, PFT achieves
a mean editing score that exceeds AlphaEdit by 0.3 points on GPT-J and Llama-3, while
trailing by only 0.1 points on GPT2-XL.

Ablation Study The comparison among the PFT ablations further clarifies the source of
PFT’s gains; adding selective VJPs alone, PFT w/o smooth, does not consistently improve
over the updated FT baseline, although it often leads to better fluency, suggesting reduced
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Method LLM CounterFact (success) ZSRE (accuracy)

Eff. Gen. Spe. Flu. Score Eff. Gen. Spe. Score

Pre-Edited

G
PT

-J

15.8 18.1 83.4 617.1 22.9 27.8 27.1 27.5 27.5

ROME 57.9 56.6 50.6 535.3 54.8 65.8 64.1 16.6 32.9
MEMIT 99.0 91.0 77.9 616.8 88.4 97.4 94.5 29.3 54.6
PRUNE 91.8 87.7 62.2 575.2 78.2 53.7 50.5 24.0 37.5
RECT 97.7 78.9 78.3 617.2 84.1 96.0 91.6 28.5 53.2
NSE 93.8 75.6 80.9 605.9 82.8 45.3 44.2 27.1 36.8
AlphaEdit 99.8 94.3 78.1 615.6 89.7 99.3 96.2 27.9 53.3
FT (old) 75.2 63.8 36.5 559.7 53.2 0.0 0.0 0.0 0.0
FT (updated) 65.2 52.9 46.3 333.1 53.7 9.8 8.6 0.4 1.0
PFT w/o smooth 54.2 51.3 49.8 579.5 51.7 0.4 0.4 0.0 0.1
PFT w/o s.VJPs 76.1 69.6 58.5 597.5 67.3 96.2 93.8 24.6 48.6
PFT 99.2 97.2 78.8 617.4 90.8 97.9 95.2 28.4 53.6

Pre-Edited

G
PT

2-
X

L

22.1 24.4 78.0 611.3 30.3 23.7 22.8 25.0 23.8

ROME 56.4 52.4 51.8 613.1 53.4 46.9 42.4 14.5 26.3
MEMIT 92.1 79.0 73.1 606.0 80.7 85.3 79.8 27.1 49.0
PRUNE 88.2 84.5 63.0 589.3 76.8 36.5 34.1 20.6 28.5
RECT 86.8 71.5 73.8 610.9 76.8 83.1 75.4 24.5 45.4
NSE 82.6 68.8 74.9 575.6 75.0 39.3 37.8 24.9 32.6
AlphaEdit 99.2 91.2 69.4 603.0 84.6 92.4 85.9 25.6 48.7
FT (old) 66.2 57.0 52.2 573.5 57.9 30.6 28.4 1.7 4.5
FT (updated) 46.9 48.5 54.4 459.6 49.7 10.9 11.4 2.7 5.4
PFT w/o smooth 50.6 50.0 51.5 530.7 50.7 4.7 4.7 0.6 1.4
PFT w/o s.VJPs 88.0 68.0 64.8 601.3 72.3 93.8 87.3 25.9 49.5
PFT 98.7 94.2 70.3 595.7 85.8 94.2 87.2 25.2 48.6

Pre-Edited

Ll
am

a-
3-

8B

7.7 10.5 89.3 620.4 12.6 37.0 36.4 31.8 34.9

ROME 48.5 48.1 49.2 354.5 48.6 0.0 0.0 19.9 0.0
MEMIT 94.5 89.3 67.4 593.4 82.0 89.6 85.2 32.3 55.7
PRUNE 82.4 65.3 55.3 577.9 65.9 26.8 24.2 17.4 22.1
RECT 94.5 84.4 72.8 601.8 83.0 87.6 82.8 32.3 55.1
NSE 86.7 56.7 88.5 591.4 74.1 47.0 47.3 32.3 40.9
AlphaEdit 98.8 91.4 75.1 606.5 87.3 93.4 89.1 32.5 56.9
FT (old) 92.7 83.5 43.0 408.3 65.2 41.5 38.7 41.4 40.5
FT (updated) 92.5 87.0 49.5 268.5 70.6 67.9 65.8 7.6 18.6
PFT w/o smooth 87.5 79.2 49.0 296.3 67.4 21.4 20.1 1.7 4.5
PFT w/o s.VJPs 91.0 71.7 71.2 599.0 77.0 98.7 95.2 34.1 60.0
PFT 98.9 96.4 87.3 619.0 93.9 96.3 93.3 32.0 57.3

Table 2: Sequential knowledge editing using CounterFact and ZSRE: editing 2,000 relations
across 20 iterations, 100 relations at a time. The colored rows highlight our method, PFT,
and its ablations.

overfitting to the edited examples. In particular, across all settings, naive FT yields the
weakest fluency scores, indicating that it tends to memorize the new edits at the expense
of the models’ original capabilities. An even improved fluency score is presented by the
variant that only utilizes smoothing, PFT w/o s.VJPs, which also achieves the strongest
average results on ZSRE with GPT2 and Llama-3, highlighting the importance of smoothing
as a central component of robust editing. However, the fact that PFT w/o s.VJPs achieves
strong ZSRE scores despite relatively poor fluency, such as 439 with Llama-3, suggests that
the ZSRE metrics are less sensitive to broader model degradation than the CounterFact
evaluation.

Post-Editing Weight-Space Analysis. To complement the empirical analysis, we also
measure the parameter changes induced by different editing methods using Llama-3-8B.
After sequentially editing, we compute the difference between each edited W2 matrix and
its pre-edit value, and report the largest singular value of this difference at each of the five
edited layers. The values are 15.4, 25.2, 30.5, 32.3, 49.3 for MEMIT; 1.0, 1.0, 1.1, 1.7, 3.6 for
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AlphaEdit; and 2.5, 1.2, 0.6, 0.4, 0.3 for PFT. The lower average and maximum singular values
suggest that PFT achieves its edits through smaller changes along the principal directions of
the weight-space update. From an interpretability perspective, this analysis also highlights
a meaningful difference between PFT and previous methods: MEMIT and AlphaEdit learn
interventions in the residual stream after the last layer they aim to edit, placing increasing
weight on deeper layers. In contrast, PFT places relatively more weight on earlier edited
layers. This behavior is consistent with the VJP norms shown in Figure 1, which themselves
can be viewed as a gradient-based attribution signal (Achtibat et al., 2024).

We further evaluate PFT in Appendix C, where we (i) show that it preserves the original
model’s capabilities at a level comparable to methods such as AlphaEdit on GLUE (Wang
et al., 2018), (ii) analyze PFT runtime, showing that PFT remains efficient, matching the
practical scalability of prior editing methods, and (iii) we extend our evaluation to six
additional models from the Llama-3.2 and Qwen2.5 families, ranging from 1B to 14B
parameters, demonstrating that PFT generalizes across model families and scales.

7 Conclusions, Limitations and Future Work

In this work, we leveraged insights from mechanistic interpretability to analyze failure
modes of FT, showing how multiple error signals can encode unintended information and
interfere with one another. Building on these observations, we introduced PFT, a knowledge
editing method that integrates selective smoothing into the FT pipeline. Our analysis
highlights the connection between this smoothing mechanism and closed-form editing
approaches, while demonstrating how it can be applied efficiently and iteratively within FT.

Limitations Most of the hyperparameters used by PFT were adopted from prior work to
ensure fair comparison, rather than being optimized for PFT, as detailed in Appendix B. For
this reason PFT edits only the second MLP matrix W2, suggesting that further gains may be
achieved by tuning PFT’s hyperparameters and its layer selection.

Regarding our knowledge editing evaluation, we have used established benchmarks such as
CounterFact and ZSRE (Meng et al., 2022; Levy et al., 2017). Prior studies have highlighted
limitations of such datasets to fully capture generalization and broader impacts on model
behavior (Cohen et al., 2024; Gu et al., 2024). Despite these limitations, there is currently
no widely accepted alternative evaluation framework. As a result, existing benchmarks
are used as proxies for broader real-world scenarios. Accordingly, we follow standard
evaluation protocols to ensure comparability with prior work.

Future Work A limitation of PFT is its reliance on structured editing settings in which
the subject and target are explicitly identifiable. During the review process, we explored
extending PFT to unstructured knowledge-editing settings, including UnKEBench (Deng
et al., 2025) and AKEW (MQUAKE) (Jiang et al., 2025a; Wu et al., 2024; Zhong et al., 2023).
Such settings require modifying the VJP selection procedure and editing scope employed
by both our method and the competing approaches considered in our work. We therefore
report these preliminary results on OpenReview1 and leave a systematic investigation of
unstructured knowledge editing for future work.
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Ethics Statement

This work addresses the problem of knowledge editing in LLMs, with the goal of enabling
precise correction of false or outdated factual associations. The ability to update model
knowledge in a targeted manner has clear societal benefits, including the removal of harmful
misinformation and the correction of factual errors that could mislead users.

At the same time, we acknowledge that knowledge editing techniques carry potential for
misuse. Methods that efficiently modify factual associations in LLMs could, in principle,
be employed to deliberately inject false information or biased content into deployed mod-
els. We encourage the research community and practitioners to consider the governance
implications of such capabilities and to develop appropriate safeguards.
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A Model Editing via Locate-and-Edit, Closed-Form Solutions

In this section, we briefly review how the normal equation (Lang, 2012) has been used as
a closed-form solution in locate-and-edit methods. This formulation shares similarities in
both structure and effect with PFT’s smoothing projection. We discuss these connections
and highlight the key differences between its use in prior methods and its role within PFT.
We follow the notation used by MEMIT and AlphaEdit (Meng et al., 2023; Fang et al., 2025),
referring the reader to the original works for further details. In Table 3 we summarize the
main differences between MEMIT-inspired methods.

Method Constraint Interpretation

ROME (Meng
et al., 2022)

rank-one edit edits a single fact by applying a rank-one update
to a selected MLP layer

MEMIT (Meng
et al., 2023)

multi-layer direct
editing

extends ROME-style editing across multiple MLP
layers to edit many relations simultaneously

RECT (Gu et al.,
2024)

MEMIT + relative-
change regulariza-
tion

regularizes the edit update by retaining principal
weight changes and suppressing smaller relative
perturbations

PRUNE (Ma
et al., 2025)

MEMIT + condition-
number / spectral re-
straint

restrains singular values during sequential edit-
ing to limit perturbation growth and preserve
general abilities

NSE (Jiang et al.,
2025b)

MEMIT + neuron-
level sequential edit-
ing

performs sequential editing by selecting and up-
dating only selected activated neurons across
multiple layers while computing target represen-
tations with the original weights

AlphaEdit (Fang
et al., 2025)

MEMIT + null-space
projection

projects the edit update onto the null space of the
layer’s covariance matrix (preserved knowledge)
before applying it

Table 3: Comparison of locate-and-edit, closed-solution editing methods.

The formulation of the MLP in Equation 1 suggests its key–value structure. Editing methods
such as MEMIT modify only the second projection matrices of the MLP layers, W2 ∈ Rd×d2 .
Given a relation (s, r, o)i, such methods proceed as follows: (i) they collect the average
activation ki ∈ Rd2 (key) corresponding to the last token of the subject s, (ii) they learn a
value vector vi ∈ Rd such that if the residual stream of that layer plot vi - the output of the
model will be o. (iii) Finally, they compute a closed-form update that encodes vi into W2
while minimizing deviations from the original model behavior.

To balance these objectives, ROME additionally collects key–value pairs (k̂, v̂) from general
text, such as random sentences from Wikipedia, representing pairs of model’s original
inputs and outputs. Let K0, V0 denote n0 such original pairs, and K1, V1 denote the n1 edited
relations:

K0 = [k̂1 | k̂2 | . . . | k̂n0 ] ∈ Rd2×n0 , V0 = [v̂1 | v̂2 | . . . | v̂n0 ] ∈ Rd×n0 , (9)

K1 = [k1 | k2 | . . . | kn1 ] ∈ Rd2×n1 , V1 = [v1 | v2 | . . . | vn1 ] ∈ Rd×n1 . (10)

The update is obtained by solving the following optimization problem via:

∆ = arg min
∆̂

(∥∥(W2 + ∆̂)K1 −V1
∥∥2

+
∥∥(W2 + ∆̂)K0 −V0

∥∥2
)

, (11)

∆ =(V1 −W2K1)KT
1

(
K0KT

0 + K1KT
1

)−1
, (12)

and the updated weights are given by W2 ←W2 + ∆.
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Aspect MEMIT PFT (Ours)

Optimization target
Learned vectors Value vector vi VJPs δi

Sharing optimization Single target shared by all aug-
mentations of optimized associa-
tion

Individual for every augmenta-
tion (prompt)

Amount 1 Up to the length of the subject
suffix

Optimization steps Consecutive iterations Global epochs
Optimized in par-
allel to other opti-
mized target

No Yes

Order of execution Consecutive, optimize one asso-
ciation after another

Mixed; optimized multiple asso-
ciation in one batch

Smoothing
Smoothed operator Mean activations K1 Activations X
Token affected Last subject token Subject suffix tokens
Shared by Shared by all augmentations of

optimized association
Individual for every augmenta-
tion (prompt)

Smoothing matrix M = K0K⊤0 + K1K⊤1 M = K0K⊤0 + I
Handling of correla-
tions

Implicit Explicit

Matrix inversion Least squares LU-decomposition
Update formula per
sample i

(vi −W2k⊤i )k⊤i M−1 δix⊤i M−1

Update formula
(batch)

(V1 −W2K1)K⊤1 M−1 ∂L
∂(WX⊤) X⊤M−1

Update procedure
Maximum rank of
the change induce by
one association

1 number of epochs × subject suf-
fix length

Maximum rank of
the change after up-
dating n relations

n n× number of epochs × subject
suffix length

Update Two-stage: estimate all targets,
then apply a single global update

Iterative: updates applied incre-
mentally through FT steps

Batching across asso-
ciations

No; processes associations inde-
pendently

Natural; supports mixing multi-
ple relations within batches

Adaptability / flexi-
bility

Requires recomputing targets for
new edits

Easily extends to continuous and
mixed-data editing

Implementation Requires caching keys/values
and solving linear systems

Extension of standard FT

Table 4: Comparison between the locate-and-edit approach of MEMIT and PFT.

This update can be decomposed and interpreted as the product of two components: the
value-based term, (V1 −W2K1), and a smoothed key term, Ksmooth = KT

1
(
K0KT

0 + K1KT
1
)−1.

Similarity between ROME and PFT. We recall the smoothing projection used in PFT:

Xsmooth = X⊤
(

K0K⊤0 + I
)−1

= X⊤M−1. (13)
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PFT’s smoothed activations Xsmooth resemble MEMIT’s smoothed keys Ksmooth, as both
project inputs (token activations in PFT and averaged keys in MEMIT) through the covari-
ance matrix K0K⊤0 . A key difference is that MEMIT additionally incorporates K1 inside the
inverse, whereas in PFT this term is not explicitly available during iterative FT. However,
in PFT we assume that the activations observed during each FT step, X ∈ Rd2×n, contain
significantly fewer vectors than K0 ∈ Rd2×n0 . For example, MEMIT typically uses n0 ≈ 105,
while in FT n is on the order of tens. Since both sets of vectors originate from the same layer
and have comparable scales, it follows that

∥K0K⊤0 ∥ ≫ ∥XX⊤∥. (14)

This allows us to approximate

K0K⊤0 + XX⊤ ≈ K0K⊤0 , (15)

highlighting the connection between MEMIT and PFT smoothing.

We now consider the value-based component Equation 11, (V1−W2K1). Its analogue in PFT
is given by the VJPs δi (see Equation 2), which act as token-level optimization targets. In
this section we refer to both quantities as optimization targets, as both are obtained through
gradient-based learning optimization across multiple steps. The key differences between
the two optimization targets are as follows:

• In closed-form methods, the optimization target is shared across a relation and its
augmentations. In PFT, each prompt induces its own target via its corresponding
VJPs.

• Closed-form solutions constrain the update to rank-one structure, whereas PFT
allows higher-rank updates determined by the number of selected tokens and the
number of iterations.

• Closed-form methods first estimate optimization targets for each relation and then
apply a global update once. In contrast, PFT updates the model incrementally
through iterative FT steps and multiple iterations.

These differences highlight the flexibility of PFT: while both approaches aim to encode
new information into the model, PFT naturally supports iterative updates and partial
data availability, making it more suitable for scalable and dynamic editing scenarios. To
summarize PFT and MEMIT-inspired methods, see Table 4.
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B Extended Implementation Details

This section provides full implementation details for PFT, complementing the method
description in section 5. Figure 3 provides an overview illustration of PFT.

Figure 3: An illustration depicting Precise-FT (PFT). The error signals of naive FT, the VJPs,
are per token and parameter signals, which are summed up together into the gradient matrix.
PFT filters and smooths the VJPs, resulting in better knowledge editing performance.

Augmentations. Following prior work such as ROME (Meng et al., 2022), MEMIT (Meng
et al., 2023), and AlphaEdit (Fang et al., 2025), we augment each edited relation during
fine-tuning. Given a target relation (s, r, o), we perform FT not only on the original prompt,
but also on five augmented variants constructed by appending randomly sampled prefixes
generated by the model. This improves generalization across paraphrases and reduces
overfitting to a single prompt formulation.

Sample Shuffling. Given the full set of edited relations, including their augmented
variants, we randomly shuffle all samples before each epoch. This ensures that updates are
applied in a diverse order and reduces bias introduced by fixed training sequences.

Per-Sample Probability Monitoring. During each epoch, we monitor the probability
assigned to the target object o for each sample, instead of relying solely on the average loss.
To accelerate training, we define a probability threshold T ∈ [0, 1]: once a sample exceeds
this threshold, it is temporarily removed from subsequent optimization steps. When the
number of remaining samples falls below 5% of the original set at the beginning of an
epoch, we reintroduce all samples and continue training. This procedure allows focuses
computation on unresolved edits while maintaining stability across epochs.

For completeness, we briefly provide the following equations to emphasize the equivalence
of monitoring per-sample loss and the probability of its target answer o. Using the notation
from section 3, where p is the output probability vector predicted by the model:

L =NLL(p, o) = − log p[o] (16)
p[o] ≥ T ⇐⇒ − log p[o] ≤ − log T, p[0] ≥ T ⇐⇒ L = NLL(p, o) ≤ − log T (17)

Learning Rate. Each model uses a single base learning rate η0 across all experiments in
section 6. We further adapt this learning rate in two ways: (i) we apply a decay factor of
0.95 at the end of each epoch, and (ii) we scale the initial learning rate based on the number
of edited relations N using a logarithmic schedule:

η = η0

(
N

100

)α

, α = log(0.5). (18)

This scaling reflects the need for smaller updates when editing larger sets of relations.

Optimizer. PFT uses vanilla stochastic gradient descent (SGD), which enables direct and fine-
grained control over gradient updates. This choice supports precise, localized modifications
at the neuron level, avoiding cross-relation interference that can arise from more complex
optimizer dynamics.
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Additional Parameters. A summary of all hyperparameters (params) used in our exper-
iments is provided in Table 5. This includes standard fine-tuning configurations such as
weight clipping, data types, and hardware settings. The table explains how each hyper-
parameter was selected: most of them were taken from MEMIT (Meng et al., 2023) and
AlphaEdit (Fang et al., 2025) and were not optimized by us. Other hyperparameters were
selected using grid search as part of the ablation study in subsection C.6.

Hyperparameter GPT-J GPT2-
XL

Llama-3-
8B

Param justification

Epochs 25 25 25 Match the number of op-
timization steps used by
MEMIT/AlphaEdit

Number of augmenta-
tions

5 5 5 Match the number of aug-
mentations used by MEMIT

Covariance update
weight λ0 (section 5)

150000 200000 150000 Taken from
MEMIT/AlphaEdit

Number of samples in
the construction of the
covariance matrices

100000 100000 100000 Taken from
MEMIT/AlphaEdit

Covariance update inter-
val (steps)

1500 1500 1500 Grid search

Number of VJPs per op-
timized prompt (suffix
length)

4 4 4 Grid search

Initial weights clipping
range

0.0005 0.0005 0.0005 In order to make this param
adaptable to each matrix,
this actual clipping range
is the product of the opti-
mized matrix and this value

Initial learning rate η0 0.7 1.55 0.00175 Grid search
Learning rate decay per
epoch

0.95 0.95 0.95

Batch size 24 24 24
Number of optimized
layers

5 5 5 Matches or uses
fewer layers than
MEMIT/AlphaEdit

Layer indices 1− 5 10− 14 1− 5 1–3 layers before the
ones optimized by
MEMIT/AlphaEdit

Probability threshold T 0.8 0.7 0.99 Grid search
Data type FP16 FP32 BF16
Hardware (Nvidia GPU) L40s

(48GB)
A6000
(48GB)

A100
(80GB)

Note that in practice, all
runs consume less than
48GB

Table 5: Hyperparameter configuration across models.
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C Extended Experiments

In section 6, we presented the main experimental results comparing PFT to existing knowl-
edge editing methods. In this section, we provide additional analyses and evaluations for
completeness. We begin by extending our interpretability-based analysis from subsection 4.2,
providing results across all evaluated models. We then revisit the main CounterFact (Meng
et al., 2022) and ZSRE (Levy et al., 2017) results, including additional metrics and runtime
comparisons, demonstrating that PFT remains both effective and computationally efficient.
Overall, these extended experiments further support the effectiveness and robustness of
PFT, reinforcing its position as a strong method for knowledge editing.

C.1 Extended Analysis of Correlation Between Different Tokens

In subsection 4.2, we showed that activations corresponding to different tokens exhibit non-
negligible correlations. During FT, these activations are encoded into the model parameters,
leading to unintended interactions across prompts with correlated representations.

While the main text illustrated this phenomenon for a single model, Figure 4 extends
this analysis to all three models considered in this work: GPT-J, GPT2-XL, and Llama-3.
The figure reports cosine similarity between the final subject tokens across the first 10
layers, showing consistent correlations in the range of 0.05 to 0.25 across models and layers.
Applying covariance smoothing projection reduces these correlations to near orthogonality,
providing empirical support for the mechanisms underlying PFT.

We further repeat this analysis for additional token positions. For example, Figure 5 presents
the correlation between the last three tokens of subject suffixes, revealing similar patterns.
These consistent trends suggest that the observed correlations reflect a shared geometric
structure in the activation spaces of transformer layers.

Taken together, these results highlight a fundamental limitation of naı̈ve FT: correlated
activations lead to unintended coupling between edits. This observation directly motivates
the use of smoothing and projection in PFT to reduce such interference.
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Figure 4: Cosine similarity between forward pass activations of last subject tokens, before
and after projection.
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Figure 5: Cosine similarity between forward pass activations of the third-from-last subject
tokens, before and after projections.
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Method LLM CounterFact (success)

Eff. Gen. Spe. Flu. Score

Pre-Edited

G
PT

-J

15.2 ± 35.9 17.6 ± 33.0 83.5 ± 25.1 618.5 ± 15.1 22.3

ROME 48.7 ± 50.0 49.5 ± 39.3 51.1 ± 28.5 563.9 ± 23.9 49.8
MEMIT 99.0 ± 9.8 88.7 ± 27.0 73.8 ± 26.9 615.3 ± 17.9 85.9
PRUNE 85.5 ± 35.2 82.0 ± 32.3 56.8 ± 31.4 557.7 ± 26.0 72.3
RECT 88.8 ± 31.5 64.8 ± 42.1 79.2 ± 25.9 619.0 ± 14.3 76.3
NSE 92.8 ± 25.8 73.6 ± 38.5 76.5 ± 25.7 603.0 ± 24.6 80.1
AlphaEdit 99.1 ± 9.3 86.5 ± 28.9 68.5 ± 28.6 589.8 ± 23.4 82.8
FT (old) 97.9 ± 14.2 72.3 ± 36.2 34.5 ± 29.8 591.3 ± 16.6 56.6
FT (updated) 100.0 ± 2.2 95.0 ± 17.5 47.1 ± 31.7 417.9 ± 40.6 71.9
PFT w/o smooth 66.5 ± 47.2 62.3 ± 41.8 52.2 ± 34.3 505.4 ± 54.5 59.7
PFT w/o s.VJPs 98.9 ± 10.2 74.3 ± 35.1 50.4 ± 29.3 535.1 ± 27.6 69.1
PFT 99.0 ± 9.9 95.9 ± 16.7 71.7 ± 27.6 607.6 ± 24.8 87.0

Pre-Edited

G
PT

2-
X

L

21.8 ± 41.3 24.2 ± 36.9 78.3 ± 28.1 613.0 ± 21.6 30.0

ROME 50.3 ± 50.0 48.9 ± 40.2 51.9 ± 31.9 598.9 ± 5.8 50.3
MEMIT 79.5 ± 40.4 65.5 ± 42.3 69.9 ± 28.6 609.1 ± 22.4 71.2
PRUNE 84.4 ± 36.3 77.2 ± 36.3 58.2 ± 31.5 595.1 ± 22.4 71.5
RECT 62.5 ± 48.4 48.7 ± 44.4 74.6 ± 27.7 610.4 ± 22.0 60.1
NSE 74.0 ± 43.9 59.3 ± 42.3 70.1 ± 27.4 554.1 ± 39.5 67.2
AlphaEdit 93.1 ± 25.3 77.0 ± 35.8 64.6 ± 29.1 587.0 ± 25.4 76.5
FT (old) 98.3 ± 12.7 64.3 ± 39.9 47.2 ± 33.3 546.2 ± 50.4 64.0
FT (updated) 82.0 ± 38.4 79.6 ± 36.0 52.8 ± 34.5 327.3 ± 60.2 68.7
PFT w/o smooth 58.3 ± 49.3 53.4 ± 46.6 52.5 ± 43.3 567.6 ± 16.9 54.6
PFT w/o s.VJPs 100.0 61.9 ± 39.2 50.5 ± 31.2 575.3 ± 32.3 65.3
PFT 99.0 ± 10.1 93.1 ± 21.1 63.6 ± 29.3 591.1 ± 30.2 82.0

Pre-Edited

Ll
am

a-
3-

8B

6.9 ± 25.4 9.3 ± 25.0 89.5 ± 18.5 623.5 ± 15.3 11.4

ROME 50.0 ± 50.0 50.0 ± 42.2 48.4 ± 35.3 448.6 ± 17.1 49.5
MEMIT 94.4 ± 22.9 76.0 ± 37.2 82.0 ± 22.1 614.8 ± 20.5 83.5
PRUNE 93.8 ± 24.2 83.3 ± 29.7 59.6 ± 28.7 599.5 ± 29.2 76.0
RECT 60.9 ± 48.8 42.3 ± 44.1 87.6 ± 19.2 618.9 ± 19.0 58.3
NSE 75.6 ± 43.0 47.3 ± 43.0 86.7 ± 18.6 590.2 ± 35.3 65.4
AlphaEdit 90.6 ± 29.2 72.4 ± 39.1 81.6 ± 22.5 613.3 ± 20.6 80.9
FT (old) 100.0 ± 1.4 91.7 ± 22.6 35.7 ± 35.6 410.6 ± 59.5 61.3
FT (updated) 100.0 97.0 ± 13.5 43.0 ± 30.0 100.8 ± 29.7 68.8
PFT w/o smooth 99.0 ± 10.0 92.2 ± 21.1 51.7 ± 27.4 204.8 ± 51.9 74.5
PFT w/o s.VJPs 100.0 ± 1.7 73.2 ± 35.1 52.4 ± 30.5 439.0 ± 36.8 70.2
PFT 98.7 ± 11.5 94.1 ± 20.0 84.7 ± 20.8 618.3 ± 20.9 92.1

Table 6: Knowledge editing of 10,000 CounterFact relations. The best scores are highlighted
in bold and the second best are underlined.

C.2 Knowledge Editing Extended Evaluation

In section 6, we evaluated PFT on CounterFact (Meng et al., 2023) under two settings:
one-shot editing, where 10,000 relations are edited simultaneously, and sequential (batch)
editing, where 2,000 relations are processed in batches of 100 over 20 iterations. In Tables 6
and Table 7 we provide these results including variance scores for CounterFact and Tables
8 and Table 9 for ZSRE.

In this section, we also extend this evaluation to a broader range of dataset sizes. Figure 6
reports the one-shot editing Editing Score for CounterFact across varying numbers of relations:
100, 500, 1,000, 5,000, and 10,000. Similarly, Figure 7 presents the CounterFact results for
sequential editing with 1,500, 2,000, and 3,000 total edits.

Across all settings, PFT consistently achieves the best performance. PFT achieve similar
or better editing scores for small sizes of datasets, such as 1,000 edits, and showing better
performances with greater dataset, have only a small degradation in performances even
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Method LLM CounterFact (success)

Eff. Gen. Spe. Flu. Score

Pre-Edited

G
PT

-J

15.8 ± 36.4 18.1 ± 33.8 83.4 ± 25.1 617.1 ± 17.8 22.9

ROME 57.9 ± 49.4 56.6 ± 40.6 50.6 ± 31.4 535.3 ± 30.1 54.8
MEMIT 99.0 ± 9.7 91.0 ± 24.9 77.9 ± 25.7 616.8 ± 16.9 88.4
PRUNE 91.8 ± 27.4 87.7 ± 27.6 62.2 ± 32.1 575.2 ± 39.1 78.2
RECT 97.7 ± 15.0 78.9 ± 34.7 78.3 ± 25.7 617.2 ± 17.1 84.1
NSE 93.8 ± 24.1 75.6 ± 37.9 80.9 ± 24.6 605.9 ± 27.0 82.8
AlphaEdit 99.8 ± 5.0 94.3 ± 19.3 78.1 ± 25.5 615.6 ± 19.4 89.7
FT (old) 75.2 ± 43.2 63.8 ± 42.9 36.5 ± 38.7 559.7 ± 14.2 53.2
FT (updated) 65.2 ± 47.6 52.9 ± 42.5 46.3 ± 36.7 333.1 ± 54.3 53.7
PFT w/o smooth 54.2 ± 49.8 51.3 ± 44.3 49.8 ± 37.8 579.5 ± 18.4 51.7
PFT w/o s.VJPs 76.1 ± 42.6 69.6 ± 38.6 58.5 ± 28.8 597.5 ± 21.2 67.3
PFT 99.2 ± 9.2 97.2 ± 14.5 78.8 ± 25.7 617.4 ± 16.4 90.8

Pre-Edited

G
PT

2-
X

L

22.1 ± 41.5 24.4 ± 36.9 78.0 ± 28.3 611.3 ± 21.2 30.3

ROME 56.4 ± 49.6 52.4 ± 40.6 51.8 ± 32.6 613.1 ± 8.8 53.4
MEMIT 92.1 ± 27.0 79.0 ± 35.6 73.1 ± 27.9 606.0 ± 26.7 80.7
PRUNE 88.2 ± 32.2 84.5 ± 31.2 63.0 ± 31.1 589.3 ± 32.7 76.8
RECT 86.8 ± 33.9 71.5 ± 40.2 73.8 ± 27.8 610.9 ± 25.3 76.8
NSE 82.6 ± 37.9 68.8 ± 40.1 74.9 ± 27.0 575.6 ± 40.0 75.0
AlphaEdit 99.2 ± 9.2 91.2 ± 23.1 69.4 ± 28.8 603.0 ± 27.5 84.6
FT (old) 66.2 ± 47.3 57.0 ± 42.4 52.2 ± 35.3 573.5 ± 51.5 57.9
FT (updated) 46.9 ± 49.9 48.5 ± 46.0 54.4 ± 38.6 459.6 ± 94.4 49.7
PFT w/o smooth 50.6 ± 50.0 50.0 ± 48.7 51.5 ± 47.1 530.7 ± 10.8 50.7
PFT w/o s.VJPs 88.0 ± 32.5 68.0 ± 38.6 64.8 ± 28.6 601.3 ± 22.0 72.3
PFT 98.7 ± 11.3 94.2 ± 19.8 70.3 ± 28.3 595.7 ± 37.2 85.8

Pre-Edited

Ll
am

a-
3-

8B

7.7 ± 26.6 10.5 ± 26.8 89.3 ± 18.7 620.4 ± 19.5 12.6

ROME 48.5 ± 50.0 48.1 ± 46.1 49.2 ± 43.1 354.5 ± 17.2 48.6
MEMIT 94.5 ± 22.7 89.3 ± 26.6 67.4 ± 31.5 593.4 ± 30.1 82.0
PRUNE 82.4 ± 38.1 65.3 ± 40.1 55.3 ± 36.2 577.9 ± 28.2 65.9
RECT 94.5 ± 22.8 84.4 ± 30.3 72.8 ± 28.2 601.8 ± 28.4 83.0
NSE 86.7 ± 34.0 56.7 ± 42.3 88.5 ± 18.3 591.4 ± 36.1 74.1
AlphaEdit 98.8 ± 10.7 91.4 ± 24.0 75.1 ± 26.3 606.5 ± 22.7 87.3
FT (old) 92.7 ± 26.1 83.5 ± 33.3 43.0 ± 37.1 408.3 ± 82.4 65.2
FT (updated) 92.5 ± 26.4 87.0 ± 29.3 49.5 ± 36.8 268.5 ± 56.6 70.6
PFT w/o smooth 87.5 ± 33.1 79.2 ± 35.3 49.0 ± 33.5 296.3 ± 119.7 67.4
PFT w/o s.VJPs 91.0 ± 28.6 71.7 ± 37.7 71.2 ± 25.9 599.0 ± 24.3 77.0
PFT 98.9 ± 10.4 96.4 ± 16.3 87.3 ± 19.6 619.0 ± 17.3 93.9

Table 7: Sequential knowledge editing using CounterFact: editing 2,000 relations across 20
iterations, 100 relations at a time.

with 10,000 edits or 3,000 sequential ones. These results demonstrate that PFT generalizes
effectively across different editing scales, maintaining strong performance from small to
large numbers of edited relations.
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Method LLM ZSRE (accuracy)

Eff. Gen. Spe. Score

Pre-Edited

G
PT

-J

26.4 ± 28.3 25.8 ± 27.9 27.0 ± 25.7 26.4

ROME 19.3 ± 32.2 17.8 ± 31.3 0.9 ± 4.1 2.4
MEMIT 95.4 ± 17.1 89.4 ± 25.3 26.4 ± 25.0 50.4
PRUNE 30.4 ± 35.0 29.3 ± 34.6 15.8 ± 20.2 23.0
RECT 71.5 ± 35.4 63.1 ± 37.2 26.6 ± 25.3 44.4
NSE 44.8 ± 31.9 43.3 ± 31.8 25.8 ± 25.3 35.7
AlphaEdit 87.0 ± 25.3 76.5 ± 33.4 22.3 ± 23.5 43.2
FT (old) 0.0 0.0 0.0 ± 1.1 0.0
FT (updated) 99.8 ± 3.1 98.2 ± 11.2 3.9 ± 11.4 10.8
PFT w/o smooth 0.1 ± 1.3 0.1 ± 1.4 0.0 ± 1.3 0.1
PFT w/o s.VJPs 99.9 ± 1.7 98.5 ± 9.7 25.9 ± 26.3 51.0
PFT 99.8 ± 3.2 97.5 ± 13.1 24.5 ± 24.6 49.1

Pre-Edited

G
PT

2-
X

L

22.2 ± 26.3 21.3 ± 25.9 24.2 ± 24.4 22.5

ROME 19.5 ± 34.3 17.4 ± 32.8 1.3 ± 5.1 3.5
MEMIT 63.9 ± 38.4 59.3 ± 39.1 26.0 ± 25.8 42.3
PRUNE 30.8 ± 35.8 29.1 ± 35.0 16.0 ± 20.8 23.2
RECT 49.3 ± 38.6 45.4 ± 37.9 25.7 ± 25.2 37.0
NSE 34.9 ± 29.9 33.1 ± 29.9 22.5 ± 23.7 29.0
AlphaEdit 57.7 ± 38.6 52.7 ± 39.0 20.8 ± 23.4 35.5
FT (old) 57.8 ± 37.3 54.5 ± 38.2 6.3 ± 13.8 15.4
FT (updated) 91.9 ± 21.8 90.0 ± 23.9 17.1 ± 21.6 37.4
PFT w/o smooth 15.1 ± 28.1 13.8 ± 27.1 0.3 ± 2.3 0.8
PFT w/o s.VJPs 99.9 ± 1.8 92.8 ± 21.0 26.8 ± 27.1 51.7
PFT 99.7 ± 4.4 90.4 ± 24.7 24.2 ± 24.6 48.1

Pre-Edited

Ll
am

a-
3-

8B

35.7 ± 29.8 34.8 ± 29.5 31.8 ± 22.5 34.0

ROME 0.0 0.0 ± 0.6 23.4 ± 13.1 0.0
MEMIT 86.9 ± 24.4 82.8 ± 27.6 32.5 ± 22.3 55.2
PRUNE 21.4 ± 29.2 18.9 ± 27.4 18.1 ± 19.0 19.3
RECT 71.7 ± 32.6 66.6 ± 33.9 32.3 ± 22.3 50.0
NSE 45.9 ± 30.2 45.7 ± 30.5 31.5 ± 22.4 39.8
AlphaEdit 84.8 ± 26.1 80.8 ± 28.9 32.5 ± 22.2 54.6
FT (old) 63.9 ± 33.6 58.9 ± 34.7 45.0 ± 16.5 54.7
FT (updated) 99.8 ± 3.1 97.8 ± 12.1 12.3 ± 15.7 29.6
PFT w/o smooth 93.7 ± 19.1 87.4 ± 26.4 4.0 ± 8.7 10.9
PFT w/o s.VJPs 96.3 ± 9.7 92.6 ± 16.9 34.2 ± 22.1 59.5
PFT 91.2 ± 20.8 84.1 ± 28.2 31.8 ± 22.4 55.2

Table 8: Knowledge editing of 10,000 ZSRE relations.
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Method LLM ZSRE (accuracy)

Eff. Gen. Spe. Score

Pre-Edited

G
PT

-J

27.8 ± 29.1 27.1 ± 28.6 27.5 ± 26.0 27.5

ROME 65.8 ± 40.2 64.1 ± 39.8 16.6 ± 21.0 32.9
MEMIT 97.4 ± 11.6 94.5 ± 17.7 29.3 ± 26.9 54.6
PRUNE 53.7 ± 38.3 50.5 ± 38.1 24.0 ± 25.0 37.5
RECT 96.0 ± 14.6 91.6 ± 21.6 28.5 ± 26.2 53.2
NSE 45.3 ± 32.5 44.2 ± 32.4 27.1 ± 25.9 36.8
AlphaEdit 99.3 ± 6.3 96.2 ± 15.4 27.9 ± 26.1 53.3
FT (old) 0.0 0.0 0.0 ± 0.8 0.0
FT (updated) 9.8 ± 25.0 8.6 ± 22.4 0.4 ± 3.3 1.0
PFT w/o smooth 0.4 ± 5.3 0.4 ± 5.0 0.0 ± 0.8 0.1
PFT w/o s.VJPs 96.2 ± 14.6 93.8 ± 18.4 24.6 ± 25.1 48.6
PFT 97.9 ± 10.3 95.2 ± 17.1 28.4 ± 27.0 53.6

Pre-Edited

G
PT

2-
X

L

23.7 ± 27.3 22.8 ± 26.9 25.0 ± 24.4 23.8

ROME 46.9 ± 43.0 42.4 ± 41.9 14.5 ± 19.4 26.3
MEMIT 85.3 ± 27.5 79.8 ± 31.5 27.1 ± 26.6 49.0
PRUNE 36.5 ± 36.4 34.1 ± 35.5 20.6 ± 23.4 28.5
RECT 83.1 ± 29.2 75.4 ± 34.0 24.5 ± 25.1 45.4
NSE 39.3 ± 31.3 37.8 ± 31.3 24.9 ± 24.9 32.6
AlphaEdit 92.4 ± 19.4 85.9 ± 26.9 25.6 ± 25.9 48.7
FT (old) 30.6 ± 41.0 28.4 ± 40.4 1.7 ± 6.4 4.5
FT (updated) 10.9 ± 27.0 11.4 ± 27.7 2.7 ± 8.8 5.4
PFT w/o smooth 4.7 ± 19.2 4.7 ± 18.9 0.6 ± 3.8 1.4
PFT w/o s.VJPs 93.8 ± 18.5 87.3 ± 27.2 25.9 ± 26.6 49.5
PFT 94.2 ± 18.1 87.2 ± 27.3 25.2 ± 25.0 48.6

Pre-Edited

Ll
am

a-
3-

8B

37.0 ± 30.2 36.4 ± 30.0 31.8 ± 22.6 34.9

ROME 0.0 0.0 19.9 ± 16.3 0.0
MEMIT 89.6 ± 20.6 85.2 ± 24.6 32.3 ± 22.3 55.7
PRUNE 26.8 ± 31.4 24.2 ± 29.8 17.4 ± 18.9 22.1
RECT 87.6 ± 22.4 82.8 ± 26.6 32.3 ± 22.4 55.1
NSE 47.0 ± 30.8 47.3 ± 30.9 32.3 ± 22.6 40.9
AlphaEdit 93.4 ± 15.8 89.1 ± 21.7 32.5 ± 22.3 56.9
FT (old) 41.5 ± 32.3 38.7 ± 31.6 41.4 ± 15.5 40.5
FT (updated) 67.9 ± 35.0 65.8 ± 35.1 7.6 ± 12.7 18.6
PFT w/o smooth 21.4 ± 33.9 20.1 ± 32.8 1.7 ± 5.6 4.5
PFT w/o s.VJPs 98.7 ± 7.6 95.2 ± 15.9 34.1 ± 22.0 60.0
PFT 96.3 ± 10.3 93.3 ± 17.1 32.0 ± 22.6 57.3

Table 9: Sequential knowledge editing using ZSRE: editing 2,000 relations across 20 itera-
tions, 100 relations at a time.
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Figure 6: CounterFact Editing Score after one-shot editing versus number of edited relations.
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Figure 7: CounterFact Editing Score after sequential editing versus total number of edits.
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C.3 Evaluation on Additional Model Families

The main experiments follow prior knowledge-editing evaluations and therefore use GPT2-
XL, GPT-J, and Llama-3-8B, for which results and implementation from earlier editing
methods are available (Meng et al., 2022; Fang et al., 2025). In order to examine PFT gener-
alization to newer model families and a wider range of parameter scales, we additionally
evaluate Llama-3.2-1B, Llama-3.2-3B, and the Qwen2.5 family at 1.5B, 3B, 7B, and 14B pa-
rameters, all used with their instruction-following versions. We apply the same evaluation
settings used in our main experiments in section 6: one-shot editing of 10,000 relations and
sequential editing of 2,000 relations. Because corresponding results for all prior editing
methods are not available for these models, we only compare PFT with each model’s pre-edit
baseline. The results are reported in Table 10.

Model Method 10,000 one-shot edits 2,000 sequential edits

CounterFact ZSRE CounterFact ZSRE

Llama-3.2-1B Pre-Edited 23.8 28.5 25.6 30.0
PFT 88.6 48.9 90.3 50.7

Llama-3.2-3B Pre-Edited 49.5 31.2 49.1 32.3
PFT 90.0 52.4 92.0 53.5

Qwen2.5-1.5B Pre-Edited 24.9 32.9 25.5 34.7
PFT 86.6 58.9 88.7 26.6

Qwen2.5-3B Pre-Edited 20.7 34.2 21.4 35.6
PFT 86.8 59.8 90.4 62.7

Qwen2.5-7B Pre-Edited 18.8 35.5 20.7 36.6
PFT 88.3 64.8 91.6 64.8

Qwen2.5-14B Pre-Edited 14.3 37.9 15.8 38.9
PFT 88.4 66.8 91.7 70.4

Table 10: Editing scores for PFT on additional model families.

Across the additional models, PFT obtains CounterFact editing scores between 86.6 and 90.0
in the one-shot setting and between 88.7 and 92.0 in the sequential setting. On ZSRE, the
larger Qwen2.5 models show particularly strong results, reaching 66.8 for one-shot editing
and 70.4 for sequential editing with Qwen2.5-14B. The exception is sequential editing
with Qwen2.5-1.5B, where the ZSRE score decreases from 34.7 to 26.6 despite the strong
CounterFact result. Overall, the results demonstrate that PFT can be applied across model
families and scales.

C.4 Efficiency Comparison

In this section, we analyze the computational efficiency of PFT.

Hardware. PFT is designed to operate on a single GPU, in contrast to retraining-based
approaches that often require multiple GPUs. In our experiments, we successfully ran PFT
on models such as Llama-3-8B (BF16) and GPT-J (FP16) using a single NVIDIA A6000 GPU
with 48GB of memory.

External Data for Covariance Matrix Collection. Similar to MEMIT (Meng et al., 2023),
PFT requires a covariance matrix per edited layer to capture activation statistics for smooth-
ing. This matrix is computed once by sampling activations from model inference and
caching the results. In our implementation, we collect activations from 100,000 Wikipedia
samples, following the setup of MEMIT.

Importantly, PFT does not require external data during the editing process itself, unlike
continual FT methods that rely on additional training data. Furthermore, PFT does not
use KL-divergence regularization, which is commonly employed in MEMIT and related
approaches, as well as in standard continual FT.

Batch Utilization. MEMIT optimizes each relation separately, typically using one base
prompt, 5 augmentations, and one additional KL-divergence prompt, which can be batched
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Figure 8: Running time of different editing methods for 1,000 and 100 relations.

only per relation. In contrast, PFT operates directly within the FT framework and allows
batching across multiple relations. Specifically, PFT processes base prompts and augmenta-
tions jointly across different relations, enabling more efficient utilization of GPU resources.

Execution Time. We measure the execution time of PFT and compare it to other editing
methods. For fairness, we exclude the one-time cost of covariance matrix collection, which is
shared across MEMIT-style methods (Meng et al., 2023). Additionally, we report end-to-end
execution times for methods such as MEMIT without assuming cached intermediate results
across runs.

We evaluate two settings: (i) editing 1,000 relations in a one-shot setup, and (ii) editing
100 relations in a setup analogous to sequential editing. All Llama-3 experiments were
conducted on NVIDIA A100 GPUs, while GPT-J and GPT2-XL experiments were conducted
on NVIDIA A6000 GPUs.

The results, presented in Figure 8, show that most baseline methods based on MEMIT
exhibit similar execution times, while NSE (Jiang et al., 2025b) and FT-based approaches
are generally faster. The runtime of PFT varies across models: for Llama-3 and GPT-J, it
achieves comparable execution time for 100 edits, with only a slight increase in runtime,
while for GPT2-XL it is slightly faster.

Overall, PFT demonstrates competitive efficiency across all models and settings, with
differences in execution time that are small and consistent with existing methods.

Summary. PFT provides a favorable trade-off between editing performance and com-
putational efficiency, achieving improved editing results while maintaining competitive
execution time.

C.5 General Language Modeling Evaluation

Effective knowledge editing should preserve a model’s general capabilities, including
performance on standard language understanding tasks. Prior work (Meng et al., 2022;
2023) evaluates this aspect using generation entropy as a proxy for fluency, which we also
report in section 6.

To further assess the impact of editing on general capabilities, we follow Fang et al. (2025)’s
evaluation of Llama-3 which includes the GLUE benchmark (Wang et al., 2018). Specifically,
we measure F1 scores across six tasks, using 100 samples per task: SST (Socher et al., 2013),
MRPC (Dolan & Brockett, 2005), CoLA (Warstadt et al., 2018), RTE (Bentivogli et al., 2009),
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MMLU (Hendrycks et al., 2021), and NLI (Williams et al., 2018). See Wang et al. (2018) for
further details regarding each task.

We report results for both one-shot editing with up to 10,000 edits (Figure 9) and sequential
editing (Figure 10) with up to 3,000 edits. In these comparisons, we include baselines specif-
ically designed to mitigate degradation in general model capabilities, including PRUNE
(Ma et al., 2025), NSE (Jiang et al., 2025b), and AlphaEdit (Fang et al., 2025). We also include
MEMIT (Meng et al., 2023) as a representative baseline, along with our implementation of
FT.

In the one-shot setting, all methods maintain relatively stable performance up to 10,000
edits, with only minor degradation observed with PRUNE on SST and AlphaEdit on MMLU.
In contrast, in the sequential setting, we observe that MEMIT and PRUNE exhibit gradual
performance degradation across most tasks as the number of edits increases from 1,500
to 3,000. AlphaEdit and NSE largely preserve performance with no change in F1 scores
across the tested setups. Across all tasks, PFT demonstrates consistently stable performance,
matching or outperforming NSE and AlphaEdit.

For completeness, we also repeat these experiments on GPT2-XL (Figure 11, Figure 12) and
GPT-J (Figure 13, Figure 14). However, these models are relatively older and less capable
than Llama-3, and their pre-edit performance is comparatively lower. As a result, their
evaluation is noisier, particularly on tasks such as SST and MMLU. Nevertheless, on certain
tasks, such as NLI, we observe similar trends to those seen with Llama-3, where PFT and
strong baselines such as NSE maintain stable F1 scores even with up to 3,000 edits in the
sequential setup.

Overall, these results highlight the robustness of PFT under iterative editing, demonstrating
that it preserves general language understanding capabilities at a level comparable to the
pre-edited model.
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Figure 9: GLUE results for one-shot editing with Llama-3-8B.
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Figure 10: GLUE results for sequential editing with Llama-3-8B.
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Figure 11: GLUE results for one-shot editing with GPT2-XL.
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Figure 12: GLUE results for sequential editing with GPT2-XL.
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Figure 13: GLUE results for one-shot editing with GPT-J.
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Figure 14: GLUE results for sequential editing with GPT-J.
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Figure 15: Knowledge editing performance of Llama-3 under different hyperparameter
configurations.

C.6 Ablation Study

In this section, we analyze the effect of key hyperparameters in PFT. The goals of this study
are: (i) to justify the chosen hyperparameter settings, (ii) to demonstrate the robustness and
flexibility of PFT across different configurations, and (iii) to provide guidance for future
work adopting PFT.

Throughout this section, we evaluate different configurations using Llama-3 (8B, Instruct)
(Grattafiori et al., 2024) on CounterFact (Meng et al., 2022). We follow a setup similar to
section 6, using one-shot editing with 2,500 relations and sequential editing with 1,500
relations. Unless stated otherwise, we refer to the base PFT configuration as the one
described in Appendix B.

Number of VJPs. As described in section 5, PFT constructs gradient updates using only
a subset of VJPs corresponding to suffix tokens of the subject. The number of selected
tokens determines how many VJPs contribute to each update step. In section 6, we showed
that selective VJPs improve generalization and fluency compared to using all token-level
gradients. Here, we further analyze the impact of varying this number.

Figure 15(a) reports post-editing scores across different choices, ranging from a single VJP
(only the last subject token) to all subject-token VJPs. All configurations achieve strong
performance, with post-editing scores above 92.8 in the one-shot setting. Increasing the
number of selected tokens further improves performance, reaching up to 93.4. At the same
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time, using all subject-token VJPs does not significantly degrade performance, suggesting
that the relevant signal is distributed across multiple tokens.

In practice, selecting a moderate number of VJPs provides a good trade-off between stability
and computational efficiency, due to reduced matrix operations. Based on these observations,
we adopt 4 VJPs in our main configuration, capturing most of the subject span while
maintaining strong and stable performance.

Layer Selection. Motivated by prior work that edits only the second MLP projection
matrix W2 (Appendix A), PFT also restricts updates to this component. Methods such as
MEMIT (Meng et al., 2023) and AlphaEdit (Fang et al., 2025) select 5–6 layers based on
causal mediation analysis (Vig & Belinkov, 2019) of the last subject token. For Llama-3,
MEMIT and AlphaEdit use layers 4–8. Since PFT utilizes both the last subject token and
earlier tokens, we hypothesize that it may benefit from shifting the edited layers toward
earlier positions. To test this, we perform a grid search over layer configurations for Llama-3.
Results in Figure 15(b) show that selecting layers 1–5 yields the best performance, while
shifting toward later layers (e.g., 5–9) leads to gradual degradation.

Interestingly, selecting earlier layers (0–4) achieves comparable performance in the one-shot
setting, but results in lower performance in the sequential setting. This may stem from
suboptimal hyperparameter tuning or from the increased sensitivity of earlier layers to
accumulated edits. Overall, these findings highlight the importance of layer selection and
suggest that mid-layer representations provide a favorable balance between expressivity
and stability.

Covariance updates. As described in section 5, we update the covariance matrix K0K⊤0
periodically according to K0K⊤0 ← K0K⊤0 + XX⊤, using an interval of 1,500 training steps.
This choice is supported by the grid search in Figure 15(c), which evaluates update intervals
from 500 to 10,000 steps. Overall, the update frequency has only a minor effect on perfor-
mance, with variation limited to roughly 0.2 points in the sequential setting and 0.6 points
in the one-shot setting. Still, performance degrades slightly at the longest interval of 10,000
steps, suggesting that more frequent covariance updates improve stability during longer
optimization runs.

Optimizer. In section 5, we implement PFT with vanilla SGD rather than an adaptive
optimizer. We justify this choice in Figure 15(d), where we compare SGD to Adam (Kingma,
2014) and MUON (Liu et al., 2025). Replacing SGD with adaptive optimizers leads to clear
degradation, reducing sequential editing performance to around 60 with Adam and around
20 with MUON, although all runs share the same hyperparameters apart from the optimizer,
and these settings may not be optimal for Adam or MUON. In knowledge editing, adaptive
optimizers accumulate momentum and gradient statistics across examples, which may
unintentionally mix distinct edited associations. Such mixing is likely misaligned with
PFT’s goal of producing precise, association-specific updates.
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