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Abstract

LLMs have static pre-trained knowledge,
leading to obsolescence and hallucinations.
Knowledge Editing (KE) addresses these
issues and typically requires multi-layer
modifications. However, existing state-of-
the-art methods, largely following the Lo-
cate–Select–Assign–Edit (LSAE) paradigm,
rely on fixed-layer selection and uniform
residual assignment, ignoring the heteroge-
neous causal efficacy of different layers. To
bridge this, we propose CAKE (Causal-Guided
Adaptive Knowledge Editing), a collaborative
editing method within the more general Lo-
cate–Weight–Assign–Edit (LWAE) paradigm
that: (1) selectively identifies critical layers via
causal tracing scores; and (2) adaptively allo-
cates editing burdens based on causal weights
rather than uniform assumptions. We formulate
residual assignment as a constrained quadratic
optimization problem and derive a solution for
optimal residual allocation, showing that align-
ing edits with causal efficacy mitigates recur-
sive error accumulation. Furthermore, we estab-
lish a generalized weight shift error bound, un-
der which existing paradigms emerge as special,
restricted cases. Experimental results demon-
strate that CAKE achieves SOTA performance
with comparable overhead, validating the su-
periority of causal-guided adaptation. Code at:
https://github.com/zjh-vinky/CAKE.

1 Introduction

LLMs have demonstrated unprecedented capabil-
ities in natural language tasks, powering numer-
ous downstream applications (Brown et al., 2020;
Achiam et al., 2023). However, their knowledge is
inherently static, being fixed at pre-training time.
As facts evolve, such as changes in political lead-
ership or updates in scientific discoveries, LLMs
inevitably exhibit knowledge obsolescence and gen-
erate hallucinations when queried about updated
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facts (Ji et al., 2023). Retraining or fine-tuning
the model to update specific facts is computation-
ally prohibitive and prone to catastrophic forgetting.
Hence, KE has emerged as a vital research direc-
tion, aiming to precisely alter a model’s behavior
for specific inputs while preserving its general per-
formance and unrelated knowledge. (Yao et al.,
2023; De Cao et al., 2021a; Pan et al., 2025).

Among existing KE approaches, Locate-then-
Edit methods represent the SOTA. MEMIT (Meng
et al., 2023) extends single-layer editing ROME
(Meng et al., 2022) to multi-layer settings by dis-
tributing the target residual across layers, but relies
on a heuristic uniform allocation strategy that im-
plicitly assumes linear superposition of residual
effects. Recently, AlphaEdit (Fang et al., 2025)
advanced the field by introducing null-space pro-
jection and operates within the same sequential,
greedy optimization framework as MEMIT. BLUE
(Li et al., 2025a) restricts the editing scope through
fixed-boundary layer selection, which lacks the
flexibility to adapt to instance-specific causal pat-
terns. Consequently, existing LSAE paradigm suf-
fers from a common limitation: they rely on either
uniform weight distribution or rigid layer selection,
ignoring the heterogeneous causal efficacy of dif-
ferent layers and thus failing to establish a more
effective collaborative editing strategy.

To bridge this gap, we propose CAKE (Causal-
Guided Adaptive Knowledge Editing), a new
framework rooted in the generalized collabora-
tive LWAE paradigm. Unlike prior methods that
perform independent layer-wise updates, CAKE
adopts a collaborative formulation that coordinates
parameter updates across layers according to their
causal efficacy. For key layer selection, we follow
the prevailing practice adopted by SOTA KE meth-
ods and their derivatives, which typically rely on
causal tracing scores to localize candidate edit lay-
ers. While recent mechanistic interpretability stud-
ies suggest that tracing effects may not fully predict
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edit success (Hase et al., 2023; Yoon et al., 2024),
we retain this metric to ensure rigorous consistency
with established baselines. Crucially, our frame-
work introduces a paradigm shift by: (1) selectively
identifying critical layers via causal tracing, and
(2) adaptively allocating editing burdens based on
causal efficacy of each layer. More importantly, our
framework is designed to be fundamentally metric-
flexible: it serves as a generalized allocator that
can seamlessly integrate superior layer importance
scores as they emerge in future research, ensur-
ing CAKE’s longevity beyond current localization
techniques. Theoretically, CAKE generalizes ex-
isting paradigms, seamlessly transitioning between
sparse (ROME-like) and dense (MEMIT-like) pat-
terns depending on instance-specific causal distri-
bution. This leads to an error-complementary solu-
tion, where intentional adjustments in one layer are
optimally compensated by others, enabling a syn-
ergistic update across depths and allowing distinct
layers to function as a cohesive unit.

Our contributions are summarized as follows:
• We propose a new KE paradigm LWAE, and in-

stantiate it with CAKE. By integrating causal
tracing information, a critical dimension over-
looked by prior methods, CAKE selectively iden-
tifies and adaptively allocates editing burdens to
critical layers. This global coordination directly
mitigates the recursive error accumulation inher-
ent in previous greedy or heuristic approaches.

• We advance the theoretical understanding of
multi-layer knowledge editing by formulating
residual allocation as a constrained optimization
problem. We derive an optimal residual solu-
tion under general causal weights and establish a
generalized error bound, which strictly subsumes
prior uniform or boundary-based analyses.

• We conduct extensive evaluations on KE bench-
marks across GPT-2 XL (1.5B), GPT-J (6B), and
LLaMA3 (8B). Experimental results demonstrate
that CAKE achieves SOTA performance. Cru-
cially, CAKE effectively reduces the error drift
observed in sequential editing baselines.

2 Preliminaries

2.1 Multi-layer Knowledge Editing

The goal of KE is to correct the model using a
dataset of editing samples D = (s, r, o → o∗). For
each sample, the model is updated to map the
subject-relation pair (s, r) to the new target object
o∗, overwriting the original o. Multi-layer KE is an

efficient paradigm that updates the FFN parameters
of targeted layers L = {l1, l2, . . . , lL} within fθ.

We consider a Transformer-based LLM fθ with
parameters θ. In the context of locate-then-
edit methods, the Wl (e.g., the output projection
weights) within FFN at each layer l is typically
viewed as a key-value associative memory. Let Wl

denote the weight matrix to be updated at layer
l ∈ L. Multi-layer KE computes the optimal pa-
rameter perturbation ∆l for each target layer. Con-
sequently, under the updated parameters θ∗, defined
by replacing Wl with Wl + ∆l, the model must
satisfy the following condition:

P (o∗ | s, r; θ∗) > P (o | s, r; θ∗). (1)

Meanwhile, to prevent catastrophic forgetting,
the update should minimize the disruption to unre-
lated knowledge. The pursuit of ∆l for a specific
layer is typically formulated as a least-squares op-
timization problem.

2.2 Existing Multi-layer Editing Paradigm
Existing multi-layer editing methods (e.g., MEMIT,
AlphaEdit) can be unified under a structured
Locate-Select-Assign-Edit (LSAE) paradigm:
• Locate: Identify the critical range of layers

within the model responsible for encoding the
specific knowledge.

• Select: Determine the specific subset of layers L
within the located range to be updated.

• Assign: Decompose the total editing target (resid-
ual) into local objectives for each selected layer.

• Edit: Solve the optimization problem to com-
pute ∆l that satisfies the local objective while
preserving old memories.
However, current implementations exhibit sig-

nificant limitations in the Select and Assign phases.
They typically rely on rigid heuristics (e.g., uniform
distribution) to select layers and allocate residuals,
ignoring complex non-linear inter-layer dependen-
cies. This oversimplification leads to error accumu-
lation, where inaccuracies in earlier layers propa-
gate through the network, ultimately compromising
editing efficacy. To address these flaws, we propose
CAKE which adopts a more effective paradigm de-
tailed in the successive part as illustrated in Fig. 1.

3 Methodology

This section first introduces a new Multi-layer col-
laborative KE paradigm. The proposed method
CAKE is then described. Connections between
CAKE and previous method are finally discussed.
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Figure 1: Two Locate-and-Edit paradims: Previous paradigm (left) and our New paradigm (right).

3.1 The LWAE Paradigm

To overcome the limitations of rigid layer selection
and uniform residual distribution in LSAE, we pro-
pose a refined paradigm: Locate-Weight-Assign-
Edit (LWAE). This paradigm acknowledges that
layers within the critical region exhibit heteroge-
neous contributions to knowledge storage, neces-
sitating a dynamic allocation strategy. The four
stages are defined as follows:
• Locate: Identical to the “Locate” step in LSAE.
• Weight: Evaluate the specific causal importance
sl of each layer l ∈ L. Unlike the binary “Select”
step in LSAE, this step quantifies how much each
layer should contribute to the edit.

• Assign: Adaptively decompose the global edit-
ing target into local residuals based on the com-
puted weights. Layers with higher importance
(sl) are assigned a larger proportion of the editing
burden, minimizing the collective error.

• Edit: Identical to the “Edit” step in LSAE.
As illustrated in Fig. 1, LWAE leverages ne-

glected causal information to upgrade heuristic
“Select” to principled “Weight”, and shifts from
uniform to adaptive residual distribution. We in-
stantiate this paradigm as a practical method de-
scribed in the successive part.

3.2 The proposed method CAKE

3.2.1 Causal-Guided Weighting

The premise of effective multi-layer editing is rec-
ognizing that not all layers contribute equally to
factual knowledge. To capture the heterogeneous
efficacy of different layers, we leverage Causal
Tracing (Meng et al., 2022) to compute a raw im-
portance score sl for each layer l ∈ L.

To achieve a flexible transition between sparse

and dense editing patterns, we normalize the causal
scores into causal weights wl with:

wl =
exp (sl/τ)∑

k∈L exp (sk/τ)
, (2)

where τ is a hyper-parameter controlling sparsity.
Notably, as τ → 0, this weighting mechanism sub-
sumes the discrete “Select” function. As illustrated
in Fig. 2, varying τ modulates the distribution of
a given {sl} set: in (a) and (b), weights for non-
critical layers vanish to near-zero, realizing an adap-
tive layer selection within a unified framework.
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Figure 2: Weighting strategy for a set of Causal Tracing
Scores {0.088, 0.090, 0.092, 0.094, 0.095}.

Entropy-regularized view. The adaptive
weights {wl} is the optimal solution to the
following entropy-regularized linear objective:

w⋆ = arg max
w∈∆|L|

∑

l∈L
wlsl + τH(w), (3)

where ∆|L| denotes the probability simplex and
H(w) = −∑l wl logwl denotes the entropy of
the weight distribution. In this view, sl acts as a
soft prior over layers, while τ controls the trade-
off between concentrating updates on high-score
layers and maintaining smooth multi-layer cooper-
ation. When the attribution signal is less reliable,
a larger τ strengthens the entropy term and leads
to a smoother, more uniform allocation, thereby
reducing over-reliance on a single signal. Con-
versely, when the attribution signal is informative,
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a smaller τ places more emphasis on the utilization
term

∑
l∈Lwlsl, encouraging the update budget to

focus on the most causally salient layers. Hence,
attribution in CAKE is used to guide adaptive allo-
cation rather than to impose a rigid layer-selection
rule. The core advantage of CAKE lies in cross-
layer cooperative adaptive allocation, which can
still reduce residual mismatch and editing errors
even when the attribution signal is imperfect.

3.2.2 Adaptive Residual Assignment
With the causal weights {wl} established, our goal
is to distribute the editing burden across layers.
Formally, let R denote the total target residual,
evaluated at the last layer L in the key region
L, representing the discrepancy between the de-
sired memory and the current model state. Fur-
thermore, we adopt a local first-order approxi-
mation and model the propagation from the l-
th layer to the final output by a sensitivity ma-
trix Ml. Under this approximation, matching the
desired residual yields the consistency condition∑

l∈LMlδl ≈ R, with a second-order remain-
der O

(∑
l∈L ∥δl∥22

)
. To solve for the optimal {δl},

we seek the minimum-perturbation solution under
this first-order model. Dropping the second-order
remainder, we enforce the first-order consistency
exactly and use an inverse-weighted penalty 1/wl

so layers with larger wl are penalized less and take
larger edits, leading to the following constrained
quadratic program:

min
{δl}

1

2

∑

l∈L

1

wl
∥δl∥22 s.t.

∑

l∈L
Mlδl = R. (4)

To solve this efficiently, we employ the method
of Lagrange multipliers. Solving Eq. (4) yields the
following closed-form solution:

Theorem 1 (Optimal Adaptive Allocation)

δ∗l = wlM
T
l (
∑

j∈L
wjMjM

T
j )−1R. (5)

This result reveals a key insight: the optimal
update magnitude for layer l is jointly determined
by its causal weight wl and its local sensitivity Ml.
The proof is provided in Appendix A.2.

3.2.3 The Editing Algorithm
Explicitly computing the sensitivity matrix Ml

involves full-Jacobian computations, which is in-
tractable for large-scale models. To bridge this gap,
we simplify Eq. 5 by adopting the local linearity as-
sumption used in MEMIT and AlphaEdit, approx-
imating Ml ≈ I . A theoretical discussion of this

Algorithm 1 CAKE
Require: L, {sl}, l ∈ L, D, {Wl}, l ∈ L, τ
Ensure: Updated {W ∗

l }, l ∈ L
1: Compute initial total residual R
2: for l = lstart to lend do
3: δl ← (wl/

∑lend
k=l wk) ·R

4: Compute ∆l given target δl
5: Wl ←Wl +∆l

6: Update R with current model parameters
7: end for
8: return {Wl}, l ∈ L

approximation and an empirical comparison with
explicit sensitivity computation are provided in Ap-
pendix A.1. Under this assumption, the projection
term in Theorem 1 simplifies, suggesting that the
residual allocated to each layer should be propor-
tional to its causal weight wl. However, a single-
shot global allocation based on the total residual R
is often fragile in practice, as early-layer updates
may induce representation drift and alter subse-
quent propagation. Since practical editing proceeds
sequentially and the effective residual evolves with
model updates, we instantiate the global solution
via a layer-wise allocation that adapts to the cur-
rent residual at each step. To ensure consistent
allocation under this update process, we perform a
dynamic weight re-normalization at each step.

Specifically, when editing the l-th layer, we con-
sider only the contributions of the current and sub-
sequent unedited layers. The residual δl allocated
to the current layer is derived as follows:

δl =
wl∑L
k=l wk

·R′, (6)

where R′ denotes the current total residual, re-
computed based on the model parameters updated
through the previous layers.

Finally, with the target δl determined, we solve
for the parameter update ∆l using the standard
least-squares objective on the local key-value pairs,
identical to the update step in AlphaEdit. The com-
plete procedure is summarized in Algorithm 1.

3.3 Connections with Existing Methods

Our framework generalizes prior arts as special
cases governed by the causal scores {sl} and τ .

Dense (MEMIT-like) strategy (Uniform allo-
cation). As τ ≈ ∞ or when causal scores are iden-
tical across layers, the softmax weights become
uniform ( wl∑L

k=l wk
≈ 1/(L− l+1)). Consequently,

our dynamic allocation (Eq. 6) simplifies to divid-
ing the residual equally among remaining layers,
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strictly recovering the strategies of MEMIT (Meng
et al., 2023) and AlphaEdit (Fang et al., 2025).

Sparse (ROME-like) strategy (Single-layer al-
location). If τ ≈ 0, only the layer with the highest
causal score has the weight 1 and the weights of
other layers equal to 0. This reproduces the single-
layer allocation of ROME (Meng et al., 2022).

Boundary Strategy (BLUE). Since the approxi-
mation Ml ≈ I underestimates the high output sen-
sitivity of later layers, applying a depth-increasing
correction (e.g., (l/L)α) to the decreasing {sl}
yields a U-shaped weight distribution. As τ ≈ 0,
this concentrates allocation on the first and last
layers, recovering BLUE (Li et al., 2025a).

In essence, these methods implicitly assume
rigid causal distributions (either perfectly uniform
or boundary-concentrated). Our approach, by con-
trast, adaptively fits the diverse causal structures of
real-world knowledge, avoiding suboptimal editing
when these extreme assumptions fail.

4 Theoretical Analysis

In this section, we provide a rigorous theoretical
analysis of our proposed method. We generalize
the error bound framework of Li et al. (2025a) from
uniform to arbitrary layer-wise weight distributions,
and conduct the analysis under a layer-wise editing
procedure over critical layers l ∈ L.

4.1 Generalized Weight Shift Error
In the LWAE paradigm, the update at layer l is gov-
erned by a normalized weight wl. We define the
dynamic allocation ratio ηl for the layer-wise pro-
cess as the proportion of the current weight relative
to the remaining weight budget ηl = wl/

∑L
k=l wk.

Theorem 2 (GeneralizedWeightedErrorBound)
Under the local first-order linearization framework
in Sec. 3.2.2 and assuming monotonic residual
reduction, let ∆∗

l and ∆l denote the exact and the
actual weight shift, respectively. The upper bound
for the weight shift error at layer l is given by:

∥∆∗
l −∆l∥2≤(∥R∗

l −RL∥2︸ ︷︷ ︸
Term A

+(1−ηl)∥RL∥2︸ ︷︷ ︸
Term B

)∥Q∥2, (7)

where R∗
l ,RL denote the ideal, and current to-

tal residuals respectively. Here Q is the least-
squares projection operator, given by Q =

K lT
1

(
K l

0K
lT
0 +K l

1K
lT
1

)−1
. The proof is pro-

vided in Appendix A.3.

Remark. Batch size affects the magnitude of
∥RL∥2 and ∥Q∥2 through the number of newly

introduced keys in K l
1. For sequential editing, the

layer-wise projection operator Q naturally extends
to a history-dependent form by augmenting K l

1

with cached keys K l
p from previous edits as the op-

erator analyzed in Lemma 4.3 of Li et al. (2025a).

4.2 Optimality of Attribution-Based
Weighting

While baselines such as MEMIT and BLUE suffer
from either high mismatch risk or excessive propa-
gation noise (see Appendix A.4), CAKE addresses
both failure modes by allocating update weights ac-
cording to layer-wise attribution scores (wl ∝ sl).
Assuming the Projection Alignment hypothesis, we
analyze this design and obtain the following three
corollaries. Proofs are provided in Appendix A.5.

Corollary 1 (Attribution–Mismatch Alignment)
Let ml := ∥R∗

l − RL∥2 denotes the mismatch
at layer l. We assume that higher attribution
implies smaller mismatch: si ≥ sj ⇒ mi ≤ mj .
Hence, a causal-score–prioritized allocation
(wl ∝ sl) places more weight on smaller ml, which
decreases the aggregated

∑L
l=1wlml, thereby

tightening the Term A contribution in Eq. 7.

Corollary 2 (Residual Propagation Suppression)
For causally irrelevant layers (small sl), CAKE
assigns negligible weights (wl ∝ sl), concentrat-
ing the update budget on a few layers, and the
aggregated residual-propagation contribution
induced by Term B is controlled by the effective
number of update layers Neff ≈ 1/∥w∥22, thereby
tightening the Term B contribution in Eq. 7.

Corollary 3 (Effective Depth Regularization)
Concentrating update weights on high-attribution
layers reduces the effective number of update
layers (Neff ≈ 1/∥w∥22), which bounds the
cumulative contribution of projection operators∑ ∥Q∥2 and mitigates error amplification during
the layer-wise procedure.

5 Experiments

In this section, We evaluate CAKE aiming to an-
swer the following questions: (1) Can CAKE en-
hance the performance compared to methods rely-
ing on rigid allocation paradigms? (2) Does CAKE
preserve the model’s general capabilities during
large-scale sequential editing streams? (3) Does
the causal-guided allocation mechanism truly func-
tion as theoretically expected to minimize residual
drift and representation shift?
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Model Method
Counterfact ZsRE

Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑
L

L
aM

A
3

(8
B

)

ROME 66.20±0.44 63.42±0.45 48.66±0.28 458.72±0.28 2.09±0.04 1.32±0.03 1.36±0.02 0.67±0.02

MEMIT 65.55±0.38 63.98±0.32 51.22±0.44 452.52±1.27 5.91±0.17 36.29±0.29 31.50±0.30 18.65±0.22

PRUNE 66.85±0.39 64.60±0.40 49.84±0.28 440.63±1.17 6.16±0.08 0.48±0.04 0.61±0.09 1.29±0.03

RECT 64.50±0.32 62.38±0.40 60.74±0.33 520.98±0.39 19.24±0.12 87.36±0.28 82.42±0.20 32.11±0.27

AlphaEdit 99.20±0.12 86.25±0.15 77.12±0.24 624.91±0.20 30.22±0.16 94.38±0.11 88.19±0.14 32.72±0.18

AlphaEditBLUE 99.92±0.07 97.58±0.42 77.10±0.83 624.97±0.27 33.87±0.47 95.90±0.51 92.23±0.50 32.40±0.71

CAKE 99.95±0.04 97.92±0.24 78.79±0.32 626.59±0.46 34.97±0.38 96.80±0.15 93.40±0.18 33.46±0.24

G
PT

-J
(6

B
)

ROME 52.35±0.27 50.64±0.35 51.02±0.63 581.53±0.20 1.50±0.06 55.75±0.27 52.86±0.30 13.29±0.22

MEMIT 98.15±0.15 95.75±0.13 63.77±0.25 594.12±0.68 39.37±0.20 96.78±0.15 93.46±0.29 31.28±0.33

PRUNE 84.40±0.27 87.50±0.23 53.30±0.32 460.23±0.62 23.38±0.18 25.59±0.14 24.14±0.19 20.52±0.11

RECT 98.80±0.09 86.22±0.22 72.58±0.25 616.64±0.14 41.47±0.16 96.22±0.20 91.66±0.25 28.33±0.21

AlphaEdit 99.78±0.12 96.43±0.19 76.19±0.23 618.44±0.20 42.32±0.18 99.61±0.12 95.93±0.23 28.27±0.25

AlphaEditBLUE 99.75±0.14 97.72±0.56 76.16±0.89 621.59±0.72 41.58±0.39 99.40±0.22 93.58±0.51 28.36±0.76

CAKE 99.85±0.13 98.50±0.26 76.54±0.35 620.92±0.32 43.01±0.29 99.84±0.11 97.32±0.18 29.79±0.20

G
PT

2-
X

L
(1

.5
B

)

ROME 51.70±0.41 49.05±0.24 50.83±0.27 527.93±0.92 1.03±0.03 41.32±0.48 37.51±0.35 12.29±0.26

MEMIT 94.80±0.18 85.65±0.28 60.25±0.29 472.17±0.41 22.04±0.18 79.64±0.22 72.56±0.29 26.06±0.16

PRUNE 75.70±0.31 73.72±0.24 52.23±0.19 528.84±0.22 13.88±0.17 28.35±0.23 25.40±0.27 14.45±0.15

RECT 92.40±0.10 81.32±0.30 65.02±0.33 483.13±0.89 20.43±0.12 83.36±0.41 75.32±0.32 24.87±0.27

AlphaEdit 99.45±0.22 94.32±0.28 66.09±0.19 592.13±0.31 38.82±0.19 93.60±0.23 83.70±0.33 25.91±0.25

AlphaEditBLUE 99.10±0.21 92.07±0.48 69.10±0.72 612.55±0.65 39.67±0.32 97.50±0.43 88.89±0.79 26.44±0.80

CAKE 99.63±0.21 95.92±0.34 72.68±0.23 614.53±0.29 41.02±0.31 97.93±0.19 91.09±0.36 26.92±0.27

Table 1: Comparison of CAKE with original locate-then-Knowledge Editing methods and AlphaEdit variants on
the knowledge editing task. The best results are highlighted in bold, while the second-best results are underlined.

5.1 Experiment Setup
Datasets & Evaluation Metrics. We utilize two
standard datasets: ZsRE (Levy et al., 2017) and
CounterFact (Meng et al., 2022). We report stan-
dard metrics: Efficacy (success rate), Generaliza-
tion (paraphrase robustness), Specificity (neighbor-
hood success), Fluency (generation entropy) and
Consistency (reference score) to comprehensively
assess the performance of CAKE.

Baselines & Implementation Details. We com-
pare CAKE against the following representative
knowledge editing methods: ROME (Meng et al.,
2022), MEMIT (Meng et al., 2023), PRUNE (Ma
et al., 2025), RECT (Gu et al., 2024), AlphaEdit
(Fang et al., 2025), and BLUE (Li et al., 2025a).
All methods are evaluated on three model architec-
tures of varying scales, including GPT2-XL (1.5B)
(Radford et al., 2019), GPT-J (6B) (Wang and Ko-
matsuzaki, 2021), and LLaMA3 (8B) (Meta, 2024).
For causal tracing, we follow the ROME imple-
mentation and compute the Average Indirect Effect
(AIE) to estimate layer importance, see Appendix E
for the definition and computation procedure. We
set τ = 0.1 and utilize the official implementations
provided in the AlphaEdit repository to maintain

consistency for all baselines. All experiments are
conducted on a single NVIDIA A100 GPU.

5.2 Main Results
To assess the effectiveness and stability of CAKE,
we follow the experimental protocol established by
Fang et al. (2025), randomly sampling 2,000 edit-
ing instances with a batch size of 100. As shown
in Table 1, CAKE outperforms across CounterFact
and ZsRE for all three evaluated models. On Coun-
terFact with GPT2-XL, CAKE improves specificity
by 9.97% relative to AlphaEdit, reflecting a sub-
stantial reduction in unintended parameter inter-
ference under deep editing, while simultaneously
improving fluency and consistency. On Counter-
Fact with LLaMA3, CAKE achieves a consistent
specificity gain of 2.17% relative to AlphaEdit, to-
gether with further improvements in efficacy and
fluency. Compared to AlphaEditBLUE, CAKE at-
tains notable gains on ZsRE with GPT-J, improving
generalization by 4.00% while preserving high ef-
ficacy. Overall, the results indicate that CAKE
improves edit quality consistently across model
scales, achieving stronger generalization while bet-
ter preserving specificity and generation quality,
without sacrificing efficacy.
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Figure 3: F1 scores of post-edited LLaMA3 (8B) across six tasks for general capability evaluation.

5.3 Sustainability of General Capabilities
under Sequential Editing

To evaluate general language understanding after
editing, we assess the general capabilities of post-
edited LLMs on six tasks from the GLUE bench-
mark (Wang et al., 2018), including SST (Socher
et al., 2013), MRPC (Dolan and Brockett, 2005),
CoLA (Warstadt et al., 2019), RTE (Bentivogli
et al., 2009), NLI (Williams et al., 2018), and
MMLU (Hendrycks et al., 2021).

We perform 3,000 sequential edits on LLaMA3
with a batch size of 100, evaluating performance
every 500 edits. As shown in Fig. 3, MEMIT,
PRUNE, and RECT exhibit severe degradation
of general capabilities as edits accumulate. Al-
phaEdit demonstrates strong general capability
retention throughout sequential editing, a prop-
erty that is effectively inherited by AlphaEditBLUE.
Building on this foundation, CAKE consistently
matches or even slightly exceeds AlphaEdit and
AlphaEditBLUE, indicating improved long-horizon
robustness under continuous knowledge updates
across the majority of evaluation tasks.

5.4 Ablation Study on Core Mechanisms

As discussed in Sec. 3.3, τ controls two mech-
anisms in CAKE: multi-layer collaboration and
adaptive allocation. We ablate them on LLaMA3
with ZsRE dataset under three regimes: a ROME-
like variant without multi-layer collaboration, a
MEMIT-like variant without adaptive allocation,
and CAKE retains both mechanisms. All variants
are instantiated within AlphaEdit; thus the ROME-
like regime additionally uses null-space projection.

As illustrated in Table 2, we report the effective

Regime Neff Eff.↑ Gen.↑ Spe.↑
Sparse (ROME-like) 1.00 90.35 84.55 29.13
Adaptive (CAKE) 4.85 96.80 93.40 33.46

Dense (MEMIT-like) 5.00 94.24 89.36 32.68

Table 2: Ablation of core mechanisms in CAKE.

number of updated layers Neff ≈ 1/∥w∥22 to char-
acterize how residuals are distributed. Removing
multi-layer collaboration collapses updates to one
layer (Neff ≈ 1), yielding a sparse (ROME-like)
regime that preserves locality but suffers from lim-
ited editing effectiveness and generalization. Re-
moving adaptive allocation leads to near-uniform
updates across layers (Neff≈5), corresponding to a
dense (MEMIT-like) regime that achieves higher ef-
fectiveness but introduces substantial interference,
degrading specificity and generalization. In con-
trast, CAKE strikes the best balance: residuals are
distributed across layers while remaining concen-
trated on causally salient ones (Neff ≈ 4.85), re-
sulting in consistently superior performance across
effectiveness, generalization, and specificity.

5.5 Residual Drift Analysis

To assess the mechanistic effect of causal-guided
allocation and validate Corollary 3, we analyze re-
cursive error accumulation across sequential layer
updates. Specifically, we quantify the cumula-
tive discrepancy between the residual assigned to
each layer and the residual reduction it actually in-
duces, which we refer to as Cumulative Drift. As
illustrated in Fig. 5, MEMIT exhibits the fastest
growth in cumulative drift, reflecting severe mis-
match accumulation under uniform residual prop-
agation. AlphaEdit mitigates this effect but still
shows steadily increasing drift. In contrast, CAKE
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Figure 4: The distribution of hidden representations of pre-edited and post-edited LLMs.

yields substantially flatter curves, indicating that
causal-guided allocation better aligns layer-wise
effects with their burdens and suppresses recursive
error accumulation. (See Appendix B.5 for details.)
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Figure 5: Recursive error accumulation under sequential
editing. GPT-2-XL with 100 sequential edits on ZsRE.
Line charts represent the Cumulative Drift (left axis),
while bar charts illustrate the Drift per Layer (right axis).

5.6 Hidden Representations Analysis
Most existing KE methods tend to cause post-
edited LLMs to overfit the injected facts, thereby
altering the distribution of their internal representa-
tions. To examine whether CAKE mitigates this ef-
fect, we visualize hidden-state distributions before
and after editing. For each model, we sample 1,000
factual prompts and extract the corresponding hid-
den representations, which are then projected into
two dimensions using t-SNE (Maaten and Hinton,
2008) for comparison. As shown in Fig. 4, Al-
phaEdit leads to a partial shift in the distribution
of post-edit representations away from the original
distribution. In contrast, CAKE exhibits substan-
tially smaller distributional changes across all three
models, with post-edit representations remaining

Method CounterFact ZsRE

LLaMA3 GPT-J GPT2-XL LLaMA3 GPT-J GPT2-XL

MEMIT 690.67s 297.23s 159.41s 366.63s 291.04s 165.19s
AlphaEdit 460.63s 364.26s 180.24s 323.80s 366.88s 183.79s
AlphaEditBLUE 910.62s 362.35s 185.70s 1197.48s 418.59s 189.52s
CAKE 431.79s 332.72s 161.15s 349.27s 367.12s 176.55s

Table 3: Time per batch (100 edits) for different editing
methods. All times are reported in seconds.

well aligned with the original distribution. This
comparison suggests that CAKE’s causally guided
residual allocation mitigates excessive adaptation
to injected knowledge and helps preserve represen-
tational consistency during editing.

5.7 Runtime Evaluation

To evaluate the computational efficiency of our
framework, we report the average wall-clock time
required to process a batch of 100 edits. The eval-
uation spans three model scales: GPT2-XL, GPT-
J, and LLaMA3, across both the CounterFact and
ZsRE datasets. For consistency, all experiments are
conducted on a single NVIDIA A100 GPU under
identical configurations, with the reported metrics
averaged over the entire editing stream. As shown
in Table 3, CAKE demonstrates a highly competi-
tive computational footprint. Notably, CAKE fre-
quently outperforms the baselines in terms of exe-
cution speed. For instance, when editing LLaMA3
on the CounterFact dataset, CAKE requires only
431.79s per batch, compared to 460.63s for Al-
phaEdit and 690.67s for MEMIT. This efficiency
advantage is particularly evident when compared to
AlphaEditBLUE, which exhibits significantly higher
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latency. The results indicate that the causal-guided
residual allocation in CAKE is computationally
lightweight, as it primarily involves a one-time
causal tracing pass that can be effectively amortized
during batch processing. Consequently, CAKE pre-
serves the strong scalability of the Locate-and-Edit
paradigm while enabling superior multi-layer coor-
dination without penalizing throughput.

6 Related Work

Multi-layer Knowledge Editing. Prior work has
shown that FFN modules can be interpreted as
key–value memories (Geva et al., 2021), and that
Knowledge Neurons provide a mechanistic basis
for factual knowledge storage (Dai et al., 2022).
Building on these insights, ROME (Meng et al.,
2022) localizes and edits factual associations via
causal tracing, while MEMIT (Meng et al., 2023)
extends this approach to multi-layer batch edit-
ing through least-squares optimization. Subse-
quent methods further improve robustness under
repeated or large-scale edits, AlphaEdit (Fang et al.,
2025) constrains updates via null-space projec-
tion, PRUNE (Ma et al., 2025) reduces interfer-
ence through perturbation restraint, and RECT (Gu
et al., 2024) preserves general capabilities via regu-
larization. In parallel, PMET (Li et al., 2024) en-
hances precision through component-wise state de-
coupling with square-root residual spreading, while
AnyEdit (Jiang et al., 2025) improves robustness
and generalization across diverse and long-form
edits, and SIR (Wang et al., 2025) mitigates ripple
effects by selectively revising the most impacted
facts. Despite these advances, most methods treat
residual allocation across layers heuristically, typ-
ically adopting uniform distributions, which can
induce accumulated errors and performance degra-
dation. CAKE addresses this limitation by introduc-
ing a causal residual allocation strategy, enabling
coordinated multi-layer updates grounded in layer-
wise causal relevance.

Localization and Layer Selectivity. Causal ef-
fects have been used to probe influential mecha-
nisms in neural networks and to avoid being misled
by spurious correlations (Dai et al., 2022; De Cao
et al., 2021b). ROME (Meng et al., 2022) ap-
plies causal mediation analysis to identify which
layers contribute causally to a factual prediction
and performs edits at the localized sites, while
MEMIT (Meng et al., 2023) uses causal tracing
to extend editing from a single layer to a multi-

layer setting by selecting multiple causally relevant
layers. MEMITCSK (Gupta et al., 2023) further
investigates whether commonsense judgments are
causally linked to localized, editable parameters.
MedLaSA (Xu et al., 2024) leverages causal asso-
ciations between knowledge and layers to select
update pathways for knowledge editing. However,
in most existing methods, localization signals pri-
marily serve as heuristics for independent layer-
wise modulation rather than for jointly coordinat-
ing updates across multiple layers. BLUE (Li et al.,
2025a) improves stability via boundary-layer re-
strictions but still assumes a fixed layer set. In con-
trast, CAKE uses causal signals to guide layer-wise
update allocation, enabling coordinated multi-layer
editing without fixed layer assumptions.

7 Conclusion

We propse CAKE, a causal-guided adaptive frame-
work that fundamentally rethinks multi-layer
knowledge editing. By challenging the homoge-
neous layer assumptions of prior arts, CAKE ex-
plicitly integrates causal tracing signals into a uni-
fied LWAE paradigm. This approach transforms
editing from a rigid heuristic into a collaborative,
importance-aware optimization problem. It not
only ensures high editing success rates but also
offers a robust solution for preserving general abil-
ities while updating knowledge in LLMs.

Limitations

CAKE relies on an estimate of layer-wise impor-
tance to guide residual allocation. In this work, we
use causal tracing–based signals (AIE) to derive
these importance scores; their quality may vary
across models and prompts, and inaccurate esti-
mates can limit the benefits of adaptive allocation.
Moreover, for analytical tractability and compu-
tational efficiency, our formulation adopts a local
first-order approximation and further simplifies the
sensitivity matrices as Ml ≈ I . These assump-
tions may not fully capture inter-layer couplings
and nonlinear propagation effects, especially under
large edits or long sequential edit streams. Finally,
although CAKE is compatible with locate-then-edit
pipelines, causal tracing introduces additional over-
head (e.g., repeated noise sampling and restoration
runs per prompt), which may increase cost and
implementation complexity in large-scale or high-
frequency update settings.
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Ethical Considerations

Knowledge editing can improve the reliability of
LLM-based systems by correcting outdated or er-
roneous facts and reducing harmful hallucinations
without full retraining. However, this capability
is inherently dual-use: the same mechanisms can
be misused to inject misinformation, covertly bias
model behavior, or alter safety-relevant knowledge
in ways that may be difficult for users to detect.
Although CAKE is designed to produce localized,
targeted updates, benchmark locality metrics do not
fully capture downstream risks (e.g., bias, toxicity,
or domain-specific harms), especially under large
or long-horizon sequential edits. We therefore rec-
ommend that real-world deployments pair CAKE
with strict access control for edit privileges, model
versioning and audit logs of edit requests, and post-
edit safety evaluations tailored to the target appli-
cation. Finally, edits should avoid embedding per-
sonal or sensitive information and should follow
appropriate governance and provenance practices,
particularly in high-stakes settings.
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Appendix

A Theoretical Analysis

Local First-Order Approximation. Let θ(t) de-
note the model parameters at a reference point (be-
fore the current allocation or editing step). Our
goal is to match the target residual evaluated at
the last layer L in the key region L. Following
Appendix D, we present the derivation for a sin-
gle column (u = 1), and the batched case follows
column-wise for notational simplicity. Concretely,
let hL(δ) ∈ Rd denote the final-layer state as a
function of the injected residual shares {δl}l∈L,
and define the target residual as

R := h⋆
L − hL(0) ∈ Rd. (8)

We distribute this target by injecting layer-wise
residual shares {δl}l∈L into the residual stream.
We model allocation as an additive intervention at
layer l:

r̃l = rl + δl, (9)

where rl ∈ Rd is the (pre-intervention) residual
representation. Under this intervention, we define
the (local) sensitivity from layer l to the final-layer
output space as the Jacobian of the last-layer state
function hL(δ) with respect to the intervention
variable δl:

Ml := Ml(θ
(t)) =

∂hL

∂δl

∣∣∣∣
δ=0, θ=θ(t)

∈ Rd×d. (10)

By the chain rule and r̃l = rl + δl, we have

∂hL

∂δl
=

∂hL

∂r̃l

∂r̃l
∂δl

=
∂hL

∂r̃l
, (11)

since ∂r̃l
∂δl

= I . Therefore, Ml can be interpreted
as the local propagation operator of the residual
state around (δ = 0,θ = θ(t)).

In practice, feasible interventions are restricted
to a controllable linear subspace Sl ⊆ Rd. To
derive the closed-form solution in Theorem 1,
we analyze the unconstrained case Sl = Rd. If
Sl ⊊ Rd, one may parameterize δl = Blzl with
Range(Bl) = Sl; choosing Bl to have orthonor-
mal columns, the same derivation applies by re-
placing Ml with MlBl in the linearized constraint
(and the objective ∥δl∥22 remains ∥zl∥22).

Assuming hL(δ) is locally twice differentiable
with respect to δ in a neighborhood of δ = 0, and
its Hessian is bounded (with θ = θ(t) fixed), the
induced change of the final-layer state ∆hL :=
hL(δ)− hL(0) satisfies the first-order Taylor ex-
pansion:

∆hL =
∑

l∈L
Ml δl +O

(∑

l∈L
∥δl∥22

)
. (12)

Accordingly, matching the target residual R
(i.e., enforcing hL(δ) = h⋆

L) yields the first-order
consistency condition

∑

l∈L
Ml δl = R, (13)

which we impose as an equality constraint in our
allocation formulation and which is accurate up to
second-order terms in the small-injection regime.

Furthermore, we assume the sensitivity matrices
satisfy a local Lipschitz condition with respect to
the parameters:
∥∥Ml(θ +∆θ)−Ml(θ)

∥∥
2
≤ LM∥∆θ∥2. (14)

Thus, within a single allocation step we assume a
local linearity regime where propagation matrices
do not vary significantly:
∥∥∥Ml(θ

(t) +∆θ)−Ml(θ
(t))
∥∥∥
2
≤ LM∥∆θ∥2, (15)

for sufficiently small ∥∆θ∥2.

A.1 Identity Approximation of Ml

Within the local first-order framework above, Ml

characterizes the sensitivity from a residual in-
jection at layer l to the final-layer representation.
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Dataset Sensitivity Variant Eff. ↑ Gen. ↑ Spe. ↑ Flu. ↑ Consis. ↑ Time

CounterFact Explicit Ml 99.79 96.11 72.89 615.20 41.17 205.31s
Approx. I 99.63 95.92 72.68 614.53 41.02 176.55s

ZsRE Explicit Ml 98.08 91.26 27.33 – – 198.47s
Approx. I 97.93 91.09 26.92 – – 161.15s

Table 4: Comparison between explicit sensitivity computation and the identity approximation Ml ≈ I on GPT-2
XL (1.5B). Explicit computation yields only marginal performance gains while incurring higher time overhead.

For scalable implementation in large models, we
adopt the approximation Ml ≈ I in the allocation
step. This approximation is introduced for com-
putational tractability; the reduction of accumu-
lated drift in CAKE instead comes from layer-wise
dynamic residual recomputation and adaptive al-
location, rather than from assuming exact linear
superposition across layers. As shown in Eq. (12),
under the small-injection regime, cross-layer resid-
ual propagation can be locally approximated by a
first-order operator Ml, with approximation error
captured by the retained higher-order term. Explic-
itly computing the sensitivity matrix is theoretically
more accurate, but substantially more expensive for
large models. The identity approximation Ml ≈ I
therefore provides a computationally efficient sur-
rogate within the same local first-order framework.

To assess the practical impact of this approx-
imation, we compare two allocation variants on
GPT-2 XL (1.5B): (i) using the explicit sensitiv-
ity matrix Ml, and (ii) using the identity approx-
imation Ml ≈ I . We follow the same experi-
mental pipeline as in the main experiments and
report results on CounterFact and on a randomly
sampled subset of 2000 edits from ZsRE. Table 4
shows that explicitly computing the Jacobian yields
only marginal gains across efficacy, generalization,
and specificity, while incurring a larger time over-
head. These results suggest that the identity ap-
proximation Ml ≈ I offers a practical trade-off
between approximation fidelity and computational
efficiency.

A.2 Proof of Theorem 1
proof. We solve Eq. 4 using Lagrange multipliers.
The Lagrangian is given by:

L(δ,λ) =
∑

l∈L

1

2wl
∥δl∥2 − λT

(∑

l∈L
Mlδl −R

)
. (16)

Note that the objective is strictly convex in {δl}
since wl > 0, and the constraint is linear; hence the
problem admits a unique global optimum character-
ized by the KKT conditions. Taking the derivative

with respect to δl and setting it to zero yields:

∂L
∂δl

=
1

wl
δl −MT

l λ = 0, (17)

which gives
δl = wlM

T
l λ. (18)

This condition reveals a key insight: the optimal
update magnitude for layer l is proportional to the
product of its causal weight wl and its local sensi-
tivity MT

l . Substituting this expression back into
the constraint in

∑
l∈LMlδl = R yields

λ =


∑

j∈L
wjMjM

T
j




−1

R. (19)

Plugging λ back gives the closed-form solution
in Eq. 5.

A.3 Proof of theorem 2
proof. Following the proof of Theorem 4.1 in Li
et al. (2025a), we express the weight-shift error as
the least-squares projection of a residual mismatch.
Under the local first-order linearization framework
in Sec. 3.2.2, the layer-wise write-in is solved by a
least-squares projection of the desired residual onto
the update ∆l. In particular, the ideal update at
layer l fits R∗

l , i.e., ∆∗
l = R∗

lQ, while the actual
update fits the dynamically allocated residual: Rl

and ∆l = RlQ, all norms ∥ · ∥2 are induced 2-
norms. Thus:

∥∆∗
l −∆l∥2 = ∥(R∗

l −Rl)Q∥2 (20)

≤ ∥R∗
l −Rl∥2∥Q∥2 (21)

We expand the norm using the triangle inequality
by introducing and subtracting RL:

∥R∗
l −Rl∥2 = ∥R∗

l − ηlRL∥2
= ∥(R∗

l −RL) + (1− ηl)RL∥2
≤ ∥R∗

l −RL∥2 + (1− ηl)∥RL∥2.
(22)

This establishes Eq. (7). In particular, the first
term ∥R∗

l −RL∥2 (Term A) captures the projec-
tion mismatch between the layer-l ideal residual
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R∗
l (i.e., the best residual achievable by updating

only layer l) and the global target residual RL. The
second term (1− ηl)∥RL∥2 (Term B) arises from
the remaining-budget ratio: only an ηl fraction of
the global residual is allocated to layer l, leaving
an unallocated portion that contributes additively
to the bound. Finally, ∥Q∥2 quantifies the amplifi-
cation of residual deviations induced by the local
least-squares write-in operator.

Remark (Alignment with Rethinking). This
theorem strictly generalizes the bound in Li et al.
(2025a). If weights are uniform (wl = 1), then
ηl =

1
L−l+1 . Consequently, the propagation term

becomes (1− ηl) =
L−l

L−l+1 . This exactly recovers
the “Exact Bound” (Eq. 19) and by relaxation
implies the “Loose Bound” (Eq. 20) in Li et al.
(2025a).

A.4 Theoretical Comparison of Residual
Allocation Strategies.

Comparison with MEMIT. MEMIT implies
wl = 1/L. (1) High Propagation: For early lay-
ers, ηl ≈ 0, making Term B dominance (1−ηl ≈ 1).
The noise (scaled by ∥RL∥2) accumulates linearly
with depth. (2) High Mismatch: It assigns equal
updates even to layers where attribution is low (i.e.,
∥R∗

l −Rl∥2 is large), inflating Term A.

Comparison with BLUE. BLUE selects a subset
(e.g., boundary layers), implying wl ∈ {0, 1}. (1)
Low Propagation: For selected layers, ηl = 1
(if it’s the last layer), effectively zeroing out Term
B. (2) Risk of Mismatch: BLUE relies on static
layer selection. If the specific knowledge instance
requires editing a middle layer (where BLUE sets
wl = 0), the local mismatch ∥R∗

l −Rl∥2 for the
remaining layers becomes unmanageable.

A.5 Proof for Attribution-Based Weighting

This appendix provides a structured theoretical jus-
tification for why CAKE reduces the generalized
error bound in Eq. 7 under the Projection Align-
ment form of the Causal Alignment Assumption,
and why concentrating update weights on high-
attribution layers controls error amplification by
reducing the effective depth of sequential editing.

A.5.1 Setup and Assumptions
Layer-wise projection mismatch (Term A). Un-
der the local first-order approximation, perturbing
only layer l yields ∆hL ≈ Mlδl with δl ∈ Sl,
where Sl ⊆ Rd is a controllable linear subspace.

Consider the best approximation of RL realizable
by updating only layer l:

R̂l := arg min
δl∈Sl

∥RL −Mlδl∥2. (23)

Since Ml(Sl) := {Mlδ : δ ∈ Sl} is a linear
subspace of Rd, the minimizer corresponds to the
orthogonal projection of RL onto Ml(Sl), i.e.,

R̂l = Pl RL,Pl := ProjMl(Sl)
∈ Rd×d. (24)

(When Sl equals the full intervention space,
Ml(Sl) = Range(Ml) and one recovers Pl =
MlM

+
l .)

We interpret the ideal per-layer residual as
R∗

l := R̂l. Therefore, Term A is exactly the pro-
jection mismatch:

ml := ∥R∗
l −RL∥2 = ∥(I − Pl)RL∥2 ≥ 0. (25)

Projection Alignment Assumption. We assume
layer-wise attribution scores reflect causal rele-
vance in that higher-attribution layers incur smaller
projection mismatch:

si ≥ sj ⇒ mi ≤ mj , ∀ i, j ∈ {1, . . . , L}. (26)

We further restrict attention to attribution-
prioritized allocations, i.e., weight vectors whose
ordering is consistent with the attribution scores:

W↑ :=
{
w ∈ ∆L−1 : si ≥ sj ⇒ wi ≥ wj

}
, (27)

where ∆L−1 is the probability simplex over L lay-
ers. This family includes CAKE (wl ∝ sl).

A.5.2 Sanity Check for the Projection
Alignment Assumption

Corollary 1 is conditional on the Projection Align-
ment Assumption in Eq. (26), which states that
layers with higher attribution scores should incur
smaller projection mismatch. To examine whether
this ordering is supported in practice, we perform
a sanity check using a feasible empirical proxy
for mismatch based on the fitting error of a single-
layer-only edit. We randomly sample 200 editing
instances from CounterFact and ZsRE, and conduct
the following procedure for each instance:
• Compute causal scores. We obtain the layer-

wise causal score vector {sl}Ll=1 using the same
attribution procedure as in the main method.

• Compute single-layer fitting errors. For each
layer l, we only allow that layer to be edited,
obtain the single-layer optimal update, and com-
pute its fitting error to the global residual RL.
We denote this mismatch proxy by m̃l.
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Dataset Model Kendall Correlation (ρk)

CounterFact LLaMA-3 (8B) 0.80
CounterFact GPT-J (6B) 0.73
ZsRE LLaMA-3 (8B) 0.80
ZsRE GPT-J (6B) 0.60

Table 5: Sanity check for the Projection Alignment
Assumption.

• Evaluate ranking consistency. For each in-
stance, we compute the Kendall rank correla-
tion ρk = corrKendall(sl,−m̃l), which measures
whether larger attribution scores tend to corre-
spond to smaller fitting errors.
Table 5 reports the average Kendall correlation

across sampled instances. We observe consistently
positive correlations across datasets and models, in-
dicating that layers with higher causal scores tend
to yield smaller single-layer fitting errors. These
results provide empirical support for using attri-
bution scores as a practical ordering signal in the
Projection Alignment Assumption.

A.5.3 Proof of Corollary 1
We quantify the overall contribution of Term A
under a weight allocation w = (w1, . . . , wL) by
the weighted aggregate

A(w) :=
L∑

l=1

wl ml,ml := ∥R∗
l −RL∥2 ≥ 0. (28)

Fix any pair (i, j) such that si ≥ sj . For any
ε > 0 satisfying the feasibility condition ε ≤ wj ,
define a new allocation w′ by modifying only the
two coordinates i and j:

w′
i = wi + ε, w′

j = wj − ε, w′
k = wk (k ̸= i, j). (29)

We now derive A(w′)−A(w) directly from the
definition:

A(w′)−A(w) =
L∑

l=1

w′
lml −

L∑

l=1

wlml

=
L∑

l=1

(w′
l − wl)ml. (30)

Since w′
k − wk = 0 for all k ̸= i, j, the sum in

Eq. (30) reduces to two terms:

A(w′)−A(w) = (w′
i − wi)mi + (w′

j − wj)mj

= εmi + (−ε)mj

= ε(mi −mj). (31)

Under the Projection Alignment condition in
Eq. (26), si ≥ sj implies mi ≤ mj , hence

mi − mj ≤ 0. Together with ε > 0, Eq. (31)
yields

A(w′)−A(w) = ε(mi −mj) ≤ 0. (32)

Moreover, if the alignment is strict (mi < mj)
and ε > 0, then A(w′) < A(w); if mi = mj ,
then A(w′) = A(w). Finally, a score-prioritized
reweighting can be viewed as a finite sequence
of such feasible two-coordinate adjustments that
shift a small amount of weight from a lower-score
layer to a higher-score layer. Since each adjustment
does not increase A(w) by Eq. (32), the entire
reweighting process cannot increase A(w), and it
decreases A(w) whenever at least one step satisfies
mi < mj with ε > 0. This establishes Corollary 1.

A.5.4 Proof of Corollary 2
Weight-induced concentration and effective sup-
port. We quantify the concentration of the result-
ing allocation w by the effective update size:

Neff(w) :=
1

∥w∥22
. (33)

CAKE assigns layer weights as a normalized
monotone transform of the causal scores sl in Eq. 2,
so layers with smaller scores (sl ≪ smax) receive
negligible weights. Intuitively, a more peaked score
profile induces a more concentrated w and hence a
smaller Neff(w).

To relate the aggregated propagation term to the
weight concentration, we introduce an effectively-
updated layer set. Let

γ :=
1

2Neff(w)
,Leff := { l : wl ≥ γ }. (34)

We define the aggregated propagation contribu-
tion on these layers as

EB(w) :=
∑

l∈Leff

(1− ηl), ηl =
wl∑L
k=l wk

. (35)

Since 0 ≤ ηl ≤ 1, we have 1− ηl ≤ 1, hence

EB(w) ≤ |Leff |. (36)

By the definition of Leff , for all l ∈ Leff we have
wl ≥ γ. Therefore,

1 =
L∑

l=1

wl ≥
∑

l∈Leff

wl ≥ |Leff | · γ, (37)

which yields

|Leff | ≤
1

γ
= 2Neff(w). (38)

Combining Eq. (36)–(38), we obtain

EB(w) ≤ 2Neff(w). (39)
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Implication for Term B. Assume ∥Ql∥2 ≤
Qmax for all layers. Summing the Term B part
of Eq. (7) over l ∈ Leff gives

∑

l∈Leff

(1− ηl)∥RL∥2 ∥Ql∥2

≤ Qmax∥RL∥2
∑

l∈Leff

(1− ηl)

= Qmax∥RL∥2 · EB(w)
≤ 2Qmax∥RL∥2Neff(w).

(40)

Thus, the aggregated propagation-driven con-
tribution scales with Neff(w) rather than the full
depth L, establishing Corollary 2.

A.5.5 Proof of Corollary 3
We show that weight concentration reduces the
cumulative amplification induced by projection op-
erators when aggregating the per-layer bound.

Assume ∥Ql∥2 ≤ Qmax for all layers. By
Eq. (38),

∑

l∈Leff

∥Ql∥2 ≤ Qmax|Leff | ≤ 2QmaxNeff(w). (41)

Moreover, by triangle inequality, summing
Eq. (7) over l ∈ Leff yields

∑

l∈Leff

∥∆∗
l −∆l∥2 ≤

∑

l∈Leff

(
ml+(1−ηl)∥RL∥2

)
∥Ql∥2.

(42)

Eq. (41) shows that the cumulative operator
contribution in Eq. (42) is controlled by Neff(w).
Therefore, concentrating weights on a small set of
high-attribution layers reduces the effective depth
of the layer-wise procedure and mitigates error am-
plification, establishing Corollary 3.

B Experimental Setup

In this section, we provide a comprehensive de-
scription of the experimental configuration used in
this paper. We detail the datasets, evaluation met-
rics, model architectures, implementation details,
baseline methods, and the sequential editing proto-
col. These settings complement the experimental
results presented in Section 5 and are designed to
ensure reproducibility and fair comparison with
prior knowledge editing methods.

B.1 Datasets

ZsRE. ZsRE (Levy et al., 2017) is a question-
answering based knowledge editing dataset, where

each instance corresponds to a question prompt en-
coding a subject–relation query (si, ri) with a tar-
get object oi. Following standard protocols (Meng
et al., 2022), ZsRE provides: (i) the original ques-
tion for evaluating editing efficacy, (ii) paraphrased
or semantically equivalent questions for evaluat-
ing generalization, and (iii) out-of-scope (locality)
questions involving semantically related but dis-
tinct facts for evaluating specificity. ZsRE primar-
ily evaluates locality preservation and robustness
to paraphrasing.

CounterFact. CounterFact (Meng et al., 2022) is
a counterfactual editing benchmark that contrasts
factual and counterfactual statements. It constructs
out-of-scope samples by replacing subject entities
with semantically similar alternatives sharing the
same predicate. In addition to efficacy, generaliza-
tion, and specificity, CounterFact includes multiple
natural language generation templates, enabling
evaluation of generation quality through fluency
and consistency metrics.

B.2 Evaluation Metrics

B.2.1 ZsRE Metrics
We follow prior work (Meng et al., 2023; Mitchell
et al., 2022; Meng et al., 2022) to evaluate factual
editing on ZsRE using efficacy, generalization, and
specificity.

Efficacy. Efficacy evaluates whether the edited
model correctly recalls the target fact under the
original query. Let fθ denote the edited model.
For each edit instance i, let xi denote the original
question prompt that expresses the subject–relation
query (si, ri), and let oi denote the edited target ob-
ject. Efficacy is defined as the fraction of instances
for which the edited object is the most probable
prediction:

Ei

[
argmax

o
Pfθ(o | xi) = oi

]
. (43)

Generalization. Generalization measures
whether the edit generalizes to semantically
equivalent prompts. For each instance i, let
N(xi) denote the set of paraphrased questions
that preserve the same underlying subject–relation
semantics as xi, following the construction of
ZsRE. Generalization is computed as the average
top-1 accuracy over these equivalent prompts:

Ei Ex̃i∈N(xi)

[
argmax

o
Pfθ(o | x̃i) = oi

]
. (44)
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Specificity. Specificity evaluates whether the edit
remains localized and does not affect the model’s
predictions on unrelated facts. For each instance
i, let O(xi) denote the set of out-of-scope (local-
ity) prompts provided by ZsRE, and let oci denote
the model’s original (pre-edit) top-1 prediction on
these prompts. Specificity is defined as the fraction
of locality prompts for which the post-edit model
preserves the original prediction:

Ei Ex̄i∈O(xi)

[
argmax

o
Pfθ(o | x̄i) = oci

]
. (45)

B.2.2 CounterFact Metrics
Following prior work (Meng et al., 2022, 2023),
CounterFact evaluates factual editing by directly
comparing a counterfactual target with its origi-
nal factual counterpart. Rather than relying on
top-1 accuracy, this benchmark measures whether
probability mass is shifted from the original fact
to the edited fact under different prompt distribu-
tions. We use the same notation as above for origi-
nal, paraphrased, and neighborhood prompts. For
each instance i, let fθ denote the edited model, xi
the original prompt expressing the subject–relation
query (si, ri), oi the edited (counterfactual) target
object, and oci the original factual object provided
by CounterFact.

Efficacy. Efficacy reflects whether the editing
operation successfully shifts the model’s prefer-
ence toward the counterfactual fact on the original
prompt. It is defined as the fraction of cases in
which the edited object receives higher probability
than the original factual object:

Ei

[
Pfθ(oi | xi) > Pfθ(o

c
i | xi)

]
. (46)

Generalization. Generalization evaluates
whether this preference shift persists under para-
phrased queries that express the same underlying
fact. Let x̃i ∈ N(xi) denote a paraphrased variant
of the original prompt. The metric is computed as:

Ei Ex̃i∈N(xi)

[
Pfθ(oi | x̃i) > Pfθ(o

c
i | x̃i)

]
. (47)

Specificity. Specificity assesses locality by test-
ing whether probability mass assigned to unrelated
facts is preserved. Let x̄i ∈ O(xi) denote a neigh-
borhood prompt involving a semantically related
but factually distinct subject. Specificity is defined
as the fraction of such prompts for which the model
assigns higher probability to the original factual ob-
ject than to the edited one:

Ei Ex̄i∈O(xi)

[
Pfθ(o

c
i | x̄i) > Pfθ(oi | x̄i)

]
. (48)

Fluency. Fluency evaluates generation quality by
measuring excessive repetition in model outputs.
Following prior work, we adopt an entropy-based
metric over bi-gram and tri-gram frequency distri-
butions:

−2

3

∑

k

g2(k) log2 g2(k) +
4

3

∑

k

g3(k) log2 g3(k), (49)

where gn(k) denotes the empirical frequency of the
n-gram k.

Consistency. Consistency measures whether gen-
erated text remains semantically aligned with ex-
ternal knowledge describing the edited fact. It is
computed as the cosine similarity between TF–IDF
representations of the model-generated output yi
and a reference Wikipedia passage ywiki

i associated
with the target object:

Consis. = cos
(
tfidf(yi), tfidf(y

wiki
i )

)
. (50)

B.3 Baseline Methods
ROME. ROME (Meng et al., 2022) is a locate-
and-edit method that performs single-layer knowl-
edge editing by directly modifying the feed-
forward network (FFN) weights responsible for
factual recall. It identifies the most influential layer
via causal tracing and applies a rank-one update to
enforce the edited association. ROME serves as a
sparse editing baseline that prioritizes locality but
often struggles with generalization and complex
edits.

MEMIT. MEMIT (Meng et al., 2023) extends
ROME to the multi-layer setting by distributing a
global editing residual uniformly across a contigu-
ous range of critical layers. Each layer update is
computed via a least-squares objective over key–
value pairs. MEMIT represents a dense editing
paradigm and is a strong baseline for mass knowl-
edge insertion, but is susceptible to error accumu-
lation under sequential edits.

PRUNE. PRUNE (Ma et al., 2025) addresses
stability issues in sequential editing by constraining
the spectral perturbation of edited weight matrices.
By retaining only eigen-directions associated with
small condition numbers, PRUNE aims to mitigate
interference between edits and preserve the model’s
general capabilities over time.

RECT. RECT (Gu et al., 2024) introduces regu-
larization terms during the editing process to pre-
vent excessive deviation from the pre-trained pa-
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rameters. Unlike locate-and-edit methods that fo-
cus solely on factual accuracy, RECT explicitly
balances editing success with the preservation of
general language and reasoning abilities.

AlphaEdit. AlphaEdit (Fang et al., 2025) ex-
tends MEMIT by introducing null-space con-
strained updates to mitigate interference during
multi-layer knowledge editing. Specifically, Al-
phaEdit projects the editing residual onto the null
space of previously edited or protected representa-
tions, ensuring that parameter updates minimally
affect unrelated or preserved knowledge. This de-
sign significantly improves stability under sequen-
tial editing, while retaining the flexibility of multi-
layer residual allocation.

AlphaEditBLUE AlphaEditBLUE (Li et al.,
2025a) further modifies the AlphaEdit framework
by restricting editing operations to empirically
identified boundary layers. Motivated by observa-
tions of depth-dependent sensitivity in Transformer
models, AlphaEditBLUE applies edits only to a
small subset of layers near the upper and lower
boundaries of the network. While this restriction
can reduce interference and improve efficiency,
it introduces a strong structural prior that may
limit adaptability under heterogeneous causal
contributions across layers.

All baseline methods are implemented us-
ing their official codebases or verified re-
implementations. Hyperparameters are set accord-
ing to the original papers or recommended con-
figurations, without additional tuning in favor of
CAKE. For consistency, all methods operate on the
same model checkpoints, use identical covariance
statistics, and follow the same sequential editing
protocol described in Section 5.

B.4 Evaluation of General Capability

To examine whether sequential knowledge editing
inadvertently degrades general language abilities,
we evaluate edited models on a collection of stan-
dard natural language understanding benchmarks.
These datasets are not involved in the editing pro-
cess and are chosen to span diverse linguistic com-
petencies, including sentiment recognition, seman-
tic similarity, grammaticality, and logical inference.

SST. We use the SST benchmark (Socher et al.,
2013) to assess whether sequential editing affects
sentence-level semantic interpretation. The task
requires predicting binary sentiment labels from

short sentences with varied syntactic structures. Be-
cause SST is sensitive to subtle distributional shifts,
performance changes can reveal unintended degra-
dation in basic language understanding. We report
classification accuracy.

MRPC. MRPC (Dolan and Brockett, 2005) eval-
uates the model’s ability to judge semantic equiv-
alence between sentence pairs. This task is partic-
ularly relevant for detecting whether editing dis-
rupts fine-grained semantic alignment across para-
phrases. Given the skewed label distribution, we
follow standard practice and report both accuracy
and F1 score.

MMLU. To probe broad-domain knowledge and
reasoning stability, we include the MMLU bench-
mark (Hendrycks et al., 2021). MMLU covers a
wide range of subjects and requires both factual
recall and procedural reasoning. We evaluate mod-
els under zero-shot and few-shot settings to isolate
the impact of editing from task-specific adaptation.
Accuracy is used as the primary metric.

RTE. RTE (Bentivogli et al., 2009) is used to
test whether logical inference capabilities remain
stable after repeated edits. The task involves deter-
mining entailment relations between a premise and
a hypothesis. We report accuracy, which directly
reflects inference correctness.

CoLA. We use CoLA (Warstadt et al., 2019) to
evaluate sensitivity to grammatical acceptability.
As this benchmark focuses on subtle syntactic phe-
nomena, it serves as a useful indicator of whether
editing introduces unintended distortions in linguis-
tic form. We report Matthews correlation coeffi-
cient (MCC), following common evaluation prac-
tice.

NLI. To further assess semantic reasoning robust-
ness, we evaluate models on a natural language
inference benchmark (Williams et al., 2018). This
task requires distinguishing entailment, contradic-
tion, and neutral relations between sentence pairs.
Performance on NLI reflects the model’s sensitiv-
ity to semantic and pragmatic cues, and we report
accuracy as the evaluation metric.

B.5 Residual Drift Metric

This section provides a detailed definition of the
residual drift metric used to probe recursive error
accumulation under sequential multi-layer editing.
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We consider a sequential editing process in
which model parameters are updated layer by layer.
After editing the l-th layer, we evaluate the effect
of this update in the final-layer residual space. Let
z denote the desired target representation at the
final layer, and let h(l)

pre and h
(l)
post denote the final-

layer activations before and after editing layer l,
respectively. We define the pre-edit residual as

R(l)
pre = z − h(l)

pre, (51)

and the post-edit residual as

R(l)
post = z − h

(l)
post. (52)

Expected and Actual Residual Reduction.
Given a layer-wise residual allocation ratio ηl, the
expected residual reduction induced by editing
layer l is defined as

∆(l)
exp = ηl R(l)

pre. (53)

This term represents the theoretical amount of resid-
ual that should be removed by the update at layer l
under the assumed residual allocation scheme. The
residual allocation ratio ηl is method-dependent
and reflects the assumed responsibility of layer l un-
der a given editing paradigm. For methods based on
uniform allocation (e.g., MEMIT and AlphaEdit),
ηl is determined by a predefined depth-based sched-
ule that evenly distributes the remaining residual
across layers. In contrast, CAKE adopts a causal-
guided allocation strategy, where ηl is derived from
layer-wise attribution scores. In all cases, residual
drift is computed with respect to each method’s
allocation rule, quantifying the mismatch between
the residual reduction a layer is expected to induce
and the reduction it actually induces.

The actual residual reduction is given by

∆
(l)
act = R(l)

pre −R(l)
post. (54)

Residual Drift. We define the residual drift at
layer l as the discrepancy between the actual and
expected residual reductions:

Drift(l) =
∥∥∥∆(l)

act −∆(l)
exp

∥∥∥
2
. (55)

Intuitively, after editing each layer, we mea-
sure—in the final-layer residual space—the discrep-
ancy between the amount of residual that this layer
actually removes and the amount it is expected to
remove according to the residual allocation ratio.
This quantity captures the deviation between the
residual reduction that the current layer actually in-
duces and the reduction it was assigned to produce.

Cumulative Drift and Recursive Accumulation.
To characterize recursive error accumulation, we
track the cumulative residual drift as the editing
process proceeds across layers:

CumulativeDrift(L) =
L∑

l=1

Drift(l). (56)

An increasing cumulative drift indicates that mis-
matches between expected and actual residual re-
ductions compound across layers, reflecting recur-
sive error accumulation during sequential editing.

C Discussion on Localization Metrics and
Framework Extensibility

C.1 Rationale for Adopting Causal Tracing

The prevailing paradigm in KE, established by
ROME (Meng et al., 2022) and MEMIT (Meng
et al., 2023), relies heavily on Causal Tracing to
identify critical layers for knowledge storage. This
metric estimates the contribution of hidden states
to the restoration of the correct output, serving as a
standard proxy for the “layer importance” score sl
(Meng et al., 2022).

In our main experiments, we strictly adhere
to this established standard by utilizing the same
causal tracing configuration as the baselines. This
decision is driven by the need for a fair and con-
trolled comparison: by keeping the localization
metric constant, we ensure that the observed perfor-
mance gains are attributed solely to our proposed
adaptive residual allocation mechanism and opti-
mization strategy, rather than to a divergence in
layer selection (Meng et al., 2023).

C.2 Addressing the Localization-Editing
Disconnect

We explicitly acknowledge the critical findings pre-
sented by Hase et al. (2023), which challenge the
assumption that the best layers for localization
(where knowledge is stored) are necessarily the
optimal layers for editing (where weights should
be updated). Their extensive analysis reveals that
causality-based metrics often exhibit a weak, or
in some cases negative, correlation with post-edit
success. Importantly, CAKE does not assume that
higher localization scores imply higher edit success
at a given layer. Instead, localization signals are
used only as a relative prior to modulate residual al-
location, rather than as a decision rule for selecting
edit locations.
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While these findings reveal the potential limita-
tions of traditional localization metrics in guiding
edits, they precisely underscore the importance of
the decoupling between the editing mechanism and
localization metrics in our framework. On the con-
trary, they highlight the necessity for an editing
architecture that is decoupled from the specific
metric used to rank layers.

C.3 Future-Proofing the Framework
A core strength of CAKE is its Metric-Agnostic
nature. Formally, our framework views layer im-
portance simply as an exogenous input vector
s = [s1, . . . , sL], where sl represents the raw
importance score of layer l. This vector is then
transformed into normalized editing weights wl

Eq. 2. Crucially, our optimization objective treats
the weight wl as a resource allocation parameter
within the following constrained quadratic program
via Eq. 4, this design ensures that CAKE is orthog-
onal to the advancement of localization techniques.
If future research proposes a superior localization
metric, our framework can seamlessly integrate this
new metric simply by substituting the input vector
s. Thus, the CAKE framework remains effective
and applicable regardless of shifts in the underlying
layer selection paradigms.

C.4 Causal Drift During Sequential
Layer-wise Editing

An additional consideration in multi-layer editing
is that the layer-importance scores and preservation
operators may themselves become stale during the
editing process. In principle, both the causal trac-
ing scores {sl} and the projection matrices used
in the downstream update step should be functions
of the current model state θ(t), rather than fixed
quantities computed only once before editing be-
gins. Under an ideal implementation, after editing
layer l, the allocation for the next layer would be
recomputed using the updated model parameters.
Let AIEl(θ) denote the attribution score of layer l
under parameters θ. Then, after applying an update
∆θl at layer l, the subsequent allocation should
in principle depend on AIEl+1(θ + ∆θl) rather
than the pre-edit score computed from the original
model.

This observation reveals a potential source of
causal drift in sequential editing. Once an update
is injected into one layer, it may alter the causal
context for the remaining layers, so continuing to
rely on pre-edit attribution scores can introduce a

mismatch between the current model state and the
allocation strategy. A similar issue arises at the
sample level: both causal tracing and the computa-
tion of projection matrices are typically performed
in the pre-edit model, whereas the actual sequential
editing process continually changes the model state.
As a result, the discrepancy between pre-edit scores
and post-update scores may accumulate over layers.
One way to characterize this effect is through the
following causal-drift error:

ϵdrift =
∑

l∈L
∥sl(θupdated)− sl(θpre)∥ , (57)

which measures the deviation between the pre-
edit attribution profile and the attribution profile
induced by the updated model.

A fully dynamic solution would be to recompute
attribution scores and related projection operators
after each layer update. Such a strategy is theo-
retically more faithful to the evolving model state
and may provide a more precise layer-wise alloca-
tion. However, in our preliminary implementation,
progressively recomputing these quantities during
editing incurs substantial computational overhead,
making it difficult to apply at the scale of our ex-
periments.

For this reason, the current instantiation of
CAKE adopts a practical compromise. During se-
quential editing, we retain the initial attribution
profile but perform dynamic re-normalization over
the remaining layers:

δl =
wl∑L
k=l wk

·R′, (58)

where R′ denotes the current residual after the
preceding edits. Although this strategy does not
fully eliminate causal drift, it partially mitigates
the mismatch by reallocating the remaining resid-
ual budget according to the weights of the yet-to-
be-edited layers. Empirically, this approximation
already yields strong performance in our experi-
ments, while preserving computational feasibility.

D Knowledge Editing

Knowledge Editing aims to update factual knowl-
edge stored in a pre-trained language model. Each
edit replaces an association (s, r, o) with (s, r, o∗),
such that given a natural language prompt p(s, r),
the edited model produces the updated object o∗.
Following prior work, editing is performed by

20059



modifying the output projection matrices of feed-
forward network (FFN) layers, which can be inter-
preted as linear associative memories.

D.1 FFN Layers as Key–Value Memories
Following prior work (Meng et al., 2023; Fang
et al., 2025), we interpret the FFN layers in trans-
former language models as linear associative mem-
ories. Let hl−1 denote the hidden representation
at layer l − 1. The FFN computation at layer l is
given by

ml = W l
out σ

(
W l

in γ(h
l−1 + al)

)
, (59)

where al represents the output of the attention
block, σ(·) and γ(·) denote the activation function
and layer normalization.

This computation admits a key–value interpreta-
tion:

kl ≜ σ
(
W l

inγ(h
l−1 + al)

)
,vl ≜ W l

outk
l. (60)

Here, the key kl encodes the subject–relation
pair (s, r) extracted from the prompt, while the
value vl encodes the factual information contribut-
ing to the model’s prediction of the object token.
Keys and values are extracted at the token position
corresponding to the object prediction, following
MEMIT and AlphaEdit.

D.2 Editing Objective
Suppose each edit needs to update upieces of
knowledge in the form of (s, r, o), the perturbed
W is expected to associate u new k − v pairs,
where k and v encode (s, r) and (o) of the new
knowledge, respectively. Let W ∈ Rd1×d0 , where
d0 and d1 represent the dimensions of the FFN’s
intermediate and output layers. Then, we can stack
these keys and values into matrices following

K1 = [k1| . . . |ku] ∈ Rd0×u,

V1 = [v1| . . . |vu] ∈ Rd1×u,
(61)

Knowledge Editing seeks a parameter perturba-
tion ∆ such that the updated parameters W +∆
associate the keys K1 with the desired values V1.
In sequential editing, let (Kp,Vp) denote the key–
value pairs corresponding to knowledge updated in
previous edits (WKp = Vp ). To prevent interfer-
ence with preserved and previously edited knowl-
edge, AlphaEdit introduces a projection matrix P
onto the null space of the preserved keys. Since the
preserved key matrix K0 from pretraining is not

accessible, following prior work (e.g., MEMIT/Al-
phaEdit), we approximate its second-order statistic
using a large text corpus. Specifically, we esti-
mate the non-central covariance matrix K0K

T
0 by

extracting keys from randomly sampled prompts
(e.g., 100,000 samples from Wikipedia (Vrandečić
and Krötzsch, 2014)), and scale it by a hyperparam-
eter λ to balance new vs. preserved associations.
We then construct the null-space projection matrix
P from this covariance estimate (via SVD/eigende-
composition), and apply the update in the projected
space to reduce interference with preserved knowl-
edge. Instead of directly applying the perturbation,
the update is applied in the projected space,and the
objective as follows:

∆ = argmin
∆̃

(∥(W + ∆̃P )K1 − V1∥2

+∥∆̃P ∥2 + ∥∆̃PKp∥2).
(62)

The update applied to the model parameters is

∆ = RKT
1 P

(
KpK

T
p P +K1K

T
1 P + I

)−1

. (63)

D.3 Total Residual at the Last Layer

Following prior work, we obtain the desired last-
layer value target by minimally perturbing the last-
layer FFN output so as to increase the likelihood
of the new object o∗i . Concretely,

vL∗
i = vL

i +argmin
δL

(
−log Pf

WL
out

(mL
i +δL)

[
o∗i | (si, ri)

])
,

(64)

where mL
i is the last-layer FFN output at the ob-

ject position, and δL is optimized with a few gra-
dient steps. Stacking {vL∗

i }ui=1 gives V L∗
1 =

[vL∗
1 | · · · |vL∗

u ].

Pre-edit total residual. Let W L(0) denote the
pre-edit FFN output projection at the last layer.
Given the last-layer keys KL

1 and the desired last-
layer targets V L∗

1 , we define the total residual as

R ≜ V L∗
1 −W L(0)KL

1 . (65)

Running total residual during editing. As se-
quential editing proceeds, the model parameters
(and thus the effective last-layer mapping) change.
Let W L(cur) denote the current last-layer projec-
tion after applying updates from previous layers.
We recompute the current remaining residual as

R′ ≜ V L∗
1 −W L(cur)KL

1 . (66)
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Figure 6: Causal Tracing at the last subject token ts,
restricted to MLP representations. Each cell reports the
average indirect effect AIEl of restoring the post-MLP
hidden state at layer l, averaged over a set of known-fact
prompts and multiple noise draws. For visualization,
we plot the traced layer subsets used in our experiments:
GPT2-XL {13, 14, 15, 16, 17}, GPT-J {3, 4, 5, 6, 7, 8},
and LLaMA3 {4, 5, 6, 7, 8}.

E Causal Tracing and Causal Scores

This section describes how we obtain the layer-
wise causal importance scores used in CAKE. For
GPT-2 XL and GPT-J, our causal tracing protocol
follows ROME (Meng et al., 2022). Concretely,
causal tracing measures a state’s causal contribu-
tion to a correct factual prediction by running the
network three times: (i) a clean run that predicts
the fact, (ii) a corrupted run that damages the
prediction by obfuscating the subject, and (iii) a
corrupted-with-restoration run that restores one in-
ternal state from the clean run to test whether it
recovers the prediction. For LLaMA3, we follow
the causal tracing principle and implementation
style used in prior work (Asghari and Nenno, 2025),

while keeping our tracing restricted to MLP states.
Following ROME, we evaluate mean causal traces
over a set of N=1000 factual prompts that are
known by the base model. We perform greedy gen-
eration using facts and fact templates from COUN-
TERFACT, keep cases where the generated text
names the correct object token oc before naming
any other capitalized word, and use the generated
prefix up to (but excluding) oc as the prompt; we
then randomly sample 1000 such texts. For GPT-
J, we further follow ROME’s cross-model tracing
practice and eliminate cases where GPT-J would
have originally predicted a different object token,
ensuring causal effects are measured on the same
factual associations across models.

E.1 Average Indirect Effect (AIE)
We consider factual requests in the form of triples
(s, r, oc) and construct a cloze-style prompt p(s, r)
such that oc is the next-token prediction target.
Consistent with ROME, We use P [oc], P ∗[oc], and
P ∗,restore(l)[oc] to denote the probability of emit-
ting the object token oc under the clean, corrupted,
and corrupted-with-restoration runs, respectively.

For each prompt, we repeat the corruption pro-
cess with 10 independent noise samples and av-
erage the resulting probabilities to obtain P ∗[oc].
Following ROME, we set ν=3σt, in our implemen-
tation, we set ν=0.1 for GPT-2 XL, ν=0.025 for
GPT-J and ν=0.02 for LLaMA3. For efficiency
and consistency with our editing setup, we restrict
causal tracing to the critical layer set L used in
MEMIT and AlphaEdit (rather than all layers), we
patch the post-MLP hidden state at last subject to-
ken ts for each l ∈ L and aggregate effects at the
layer level, and compute AIEl only over this sub-
set. Fig. 6 visualizes heatmaps for the traced layer
subsets L used in our experiments for GPT-2 XL,
GPT-J, and LLaMA3.

Indirect effect and average indirect effect. The
indirect effect of layer l is defined as

IEl ≜ P ∗,restore(l)[oc]− P ∗[oc]. (67)

Averaging over the N known-fact prompts yields
the average indirect effect (AIE):

AIEl ≜
1

N

N∑

i=1

IE
(i)
l . (68)

We define the layer importance score directly
from the AIE:

sl ≜ AIEl. (69)
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τ Method GPT2-XL GPT-J LLaMA3

Eff.↑ Gen.↑ Spe.↑ Eff.↑ Gen.↑ Spe.↑ Eff.↑ Gen.↑ Spe.↑
0.01 CAKE 96.76 89.07 26.92 99.68 96.05 27.90 96.21 92.45 32.86
0.10 CAKE 97.93 91.09 26.92 99.84 97.32 29.79 96.80 93.40 33.46
1.00 CAKE 97.35 89.93 26.71 99.63 95.99 28.50 96.37 92.48 32.81
10 CAKE 96.59 88.94 27.20 99.59 96.52 28.43 96.35 91.09 32.79
100 CAKE 96.53 88.60 26.84 99.58 96.41 28.56 96.08 91.11 32.44

Table 6: Sensitivity to τ on ZsRE across GPT2-XL, GPT-J, and LLaMA3. All runs use the same AlphaEdit-based
editing operator, τ controls the normalization of causal weights.

F More Experimental Results

F.1 Sensitivity to the Hyperparameter τ

Causal tracing produces a layer-wise importance
score sl that quantifies how strongly interventions
at layer l affect the target object prediction along
the critical path. We convert these scores into nor-
malized residual-allocation weights via softmax in
Eq. 2, where τ controls the sharpness of the weight
distribution. Smaller τ yields a more concentrated
allocation (few layers dominate), while larger τ
approaches uniform allocation across layers. Thus,
τ directly governs the sparsity–density trade-off
of multi-layer coordination: overly small τ risks
insufficient capacity to realize the global target at
the end of the critical path (under-utilizing layers),
whereas overly large τ risks allocating residuals to
weakly causal layers, increasing cross-layer inter-
ference and error accumulation.

We conduct a hyperparameter study on τ for
three models: GPT2-XL, GPT-J, and LLaMA3-
8B. All experiments use the ZsRE dataset under
the standard knowledge-editing evaluation proto-
col. Specifically, we experiment a set of values
τ ∈ {0.01, 0.10, 1.00, 10, 100}. All other settings
(e.g., covariance statistics, projection regulariza-
tion, edit batch size, number of gradient steps used
to construct target values) are kept identical to the
main experimental setting for each model.

Table 6 reports the sensitivity of CAKE to τ ,
across all three models, we observe a consistent
optimum at τ=0.10, which yields the best overall
Efficacy, Generalization and Specificity trade-off
and remains stable across architectures and scales.
Compared to a smaller τ (τ=0.01), τ=0.10 im-
proves Efficacy and Generalization while main-
taining strong specificity. In contrast, as τ in-
creases to larger values (τ ≥ 10), the allocation
becomes increasingly uniform, and we observe a
systematic degradation. Together, these results
indicate that intermediate τ strike the best bal-

ance between selectivity and multi-layer cooper-
ation. This trend is consistent with the role of
τ as a sparsity–uniformity knob for layer-wise
residual allocation. When τ is very small, causal
weights become overly concentrated on a few lay-
ers, limiting multi-layer cooperation. Conversely,
when τ becomes large, the allocation approaches
near-uniform, which spreads non-trivial residual
to weakly causal layers and degrades Generaliza-
tion and Specificity. Therefore, an intermediate τ
provides the best balance by remaining selective
while still allowing complementary contributions
across multiple causal layers. Based on this consis-
tent cross-model optimum, we set τ=0.10 as the
default choice in main experiments.

F.2 Sensitivity to the Quality of Importance
Scores

To examine the sensitivity of CAKE to the quality
of the importance signal, we conduct three con-
trolled analyses. First, we replace AIE with two
alternative attribution signals: EAP-IG (Edge Attri-
bution Patching with Integrated Gradients) (Mishra
et al., 2024) and Saliency (the gradient norm of
layer outputs) (Li et al., 2025b). This tests whether
CAKE remains effective when the weighting sig-
nal is derived from different attribution mecha-
nisms. Second, we introduce a shuffle control by
randomly permuting the layer-wise score vector
{sl}, denoted as CAKE-Shuffle. This preserves
the non-uniformity of the weights while destroy-
ing the correspondence between the importance
ordering and the actual causal structure, thereby
isolating whether CAKE benefits from meaning-
ful layer-wise identification rather than from non-
uniform allocation alone. Third, we perform a
controlled noise sweep by adding Gaussian pertur-
bations ϵ ∼ N (0, σ2) to the original importance
scores. Tables 7 report the results under different
importance-score variants. Replacing AIE with
EAP-IG or Saliency leads to only modest perfor-
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Model Method CounterFact ZsRE

Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑
L

L
aM

A
3

(8
B

) AlphaEdit 99.20 86.25 77.12 624.91 30.22 94.38 88.19 32.72
AlphaEditBLUE 99.92 97.58 77.10 624.97 33.87 95.90 92.23 32.40
CAKE (AIE) 99.95 97.92 78.79 626.59 34.97 96.80 93.40 33.46

CAKE-EAP-IG 99.91 97.34 78.52 625.33 34.12 96.75 93.35 33.30
CAKE-Saliency 99.93 97.98 78.80 624.40 34.10 97.20 93.10 32.50
CAKE-Shuffle 96.40 87.30 71.20 612.15 31.40 93.40 84.50 30.10

G
PT

-J
(6

B
)

AlphaEdit 99.78 96.43 76.19 618.44 42.32 99.61 95.93 28.27
AlphaEditBLUE 99.75 97.72 76.16 621.59 41.58 99.40 93.58 28.36
CAKE (AIE) 99.85 98.50 76.54 620.92 43.01 99.84 97.32 29.79

CAKE-EAP-IG 99.80 97.65 76.40 620.45 42.45 99.80 97.25 29.70
CAKE-Saliency 99.71 98.36 76.56 619.80 42.40 99.57 97.10 28.86
CAKE-Shuffle 96.20 91.40 71.52 608.25 38.40 95.20 91.10 26.43

Table 7: Editing performance under different importance-score variants on CounterFact and ZsRE.

Noise Level CounterFact ZsRE

Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑

CAKE (σ=0.05) 99.85 97.50 78.10 625.80 34.50 96.65 93.10 33.10
CAKE (σ=0.10) 99.20 96.70 77.40 623.30 33.20 94.50 91.80 32.50
CAKE (σ=0.15) 96.50 93.60 74.50 618.20 31.10 91.20 87.50 29.40

Table 8: Noise sweep on importance scores for CounterFact and ZsRE on LLaMA3-8B.

mance changes across datasets and models, indi-
cating that CAKE is not tied to a single attribution
implementation. In contrast, CAKE-Shuffle causes
a substantial drop on all metrics, showing that the
gains of CAKE depend on preserving a meaningful
layer-wise importance ordering. Tables 8 further
show that performance degrades monotonically as
the perturbation level increases, which is consistent
with the interpretation that more accurate impor-
tance estimates lead to better residual allocation.

F.3 Experimental Verification of Sequential
Robustness

This experiment verifies the sequential robustness
property implied by our generalized error analysis,
which predicts that weight-shift errors amplify as
the number of sequential updates increases, and
that attribution-based weight allocation mitigates
this amplification. We conduct sequential editing
experiments with a batch size of 1, using 100, 500,
1000, and 5000 edits between updates. All experi-
ments are conducted on GPT2-XL and evaluated on
CounterFact and ZsRE. We compare CAKE against
MEMIT, AlphaEdit and AlphaEditBLUE. We adopt
the same hyper-parameter setting as in the main ex-
periments, and report the standard editing metrics

on the corresponding test sets, then analyze how
performance evolves as a function of edits to as-
sess robustness under long edit streams. As shown
in Fig. 7, performance degrades as the number of
sequential edits increases, indicating error accumu-
lation under repeated updates. The effect is most
evident on efficacy and generalization on ZsRE:
AlphaEdit drops sharply when the number of edits
reaches 5000, whereas CAKE remains markedly
more stable and achieves the best long-stream per-
formance on both datasets. CounterFact specificity
decreases with more edits for all methods with
CAKE strongest. Overall, these results show that
CAKE mitigates long-stream degradation and im-
proves sequential robustness.

F.4 CAKE with Square Root Residual
Distribution

In the “Locate-and-Edit” methods, the strategy for
distributing residuals across layers is a critical de-
terminant of editing performance. Beyond the uni-
form allocation strategies employed by MEMIT
and AlphaEdit , recent work such as PMET (Li
et al., 2024) introduces a square root residual dis-
tribution scheme. This approach utilizes a non-
uniform distribution intended to mitigate informa-
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(a) CounterFact

(b) ZsRE

Figure 7: Performance Variation of Knowledge Editing with Sequential Edits.

tion loss during the residual allocation process.
Given that the CAKE framework also instantiates
a non-uniform allocation based on causal impor-
tance scores sl, it is essential to conduct a compara-
tive analysis to validate the superiority of CAKE’s
adaptive mechanism over fixed heuristic distribu-
tions. We conduct the experiments on three mod-
els: GPT2-XL, GPT-J, and LLaMA3, evaluated
on two datasets, CounterFact and ZsRE. In the se-
quential Knowledge Editing task, we perform a
total of 2,000 edits in batches of 100. In the batch
Knowledge Editing task, we evaluate the methods
by applying the same 2,000 edits all at once in a
single batch.

As illustrated in Table 9, on sequential Knowl-

edge Editing task, CAKE consistently outperforms
PMET across all evaluated architectures. Specif-
ically, on the LLaMA3, CAKE achieves a 5.02%
relative improvement over PMET in generalization
on the CounterFact dataset. This performance gap
underscores a fundamental limitation of PMET:
while the square root distribution provides a first-
order correction for information loss, it remains a
static mathematical heuristic. In contrast, CAKE
adaptively modulates the editing burden for each
layer based on the heterogeneous causal contribu-
tion of specific knowledge instances. By prioritiz-
ing causally salient layers, CAKE effectively sup-
presses representation drift and recursive error ac-
cumulation during long-stream sequential updates.
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Model Method
CounterFact ZsRE

Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑

Sequential Knowledge Editing Task

LLaMA3
PMET 99.40±0.21 93.24±0.79 77.42±0.80 625.61±0.52 32.25±0.35 94.93±0.27 90.47±0.54 32.67±0.66

CAKE 99.95±0.04 97.92±0.24 78.79±0.32 626.59±0.46 34.97±0.38 96.80±0.15 93.40±0.18 33.46±0.24

GPT-J
PMET 99.75±0.16 94.78±0.53 75.18±0.78 618.59±0.49 41.40±0.32 99.36±0.19 96.23±0.51 29.53±0.80

CAKE 99.85±0.13 98.50±0.26 76.54±0.35 620.92±0.32 43.01±0.29 99.84±0.11 97.32±0.18 29.79±0.20

GPT2-XL
PMET 96.55±0.58 89.95±0.72 64.41±0.66 560.97±1.74 33.90±0.49 94.51±0.38 87.79±0.62 26.47±0.68

CAKE 99.63±0.21 95.92±0.34 72.68±0.23 614.53±0.29 41.02±0.31 97.93±0.19 91.09±0.36 26.92±0.27

Batch Knowledge Editing Task

LLaMA3
PMET 99.05±0.22 87.98±0.28 85.68±0.34 631.82±0.41 32.94±0.12 87.80±0.18 84.72±0.20 32.57±0.24

CAKE 99.60±0.17 89.54±0.21 91.62±0.28 632.68±0.52 34.18±0.13 92.01±0.22 88.20±0.24 33.54±0.19

GPT-J
PMET 99.64±0.24 78.67±0.37 93.85±0.59 621.67±0.40 41.27±0.18 95.58±0.31 91.23±0.46 28.39±0.68

CAKE 99.87±0.11 79.06±0.18 94.75±0.25 623.01±0.39 41.46±0.14 99.37±0.26 94.82±0.23 29.07±0.12

GPT2-XL
PMET 92.20±0.63 72.12±0.59 82.48±0.51 621.92±0.48 38.74±0.24 80.17±0.72 75.41±0.69 25.69±0.44

CAKE 98.90±0.47 76.24±0.52 90.55±0.39 623.50±0.41 40.82±0.28 88.18±0.61 78.44±0.69 25.85±0.43

Table 9: Comparison between PMET and CAKE on the sequential and batch Knowledge Editing task.

The disparity between the two methods is evident
in the batch Knowledge Editing task as well. As
shown in the experimental results, PMET’s perfor-
mance collapses under the large-scale parameter
interference; its efficacy drops to 92.20% on GPT2-
XL on CounterFact dataset. Such degradation re-
flects the inability of traditional allocation mech-
anisms to handle high-intensity updates, leading
to catastrophic interference between edited facts.
CAKE demonstrates exceptional stability, main-
taining consistent performance across both sequen-
tial and batch tasks. This robustness is attributed
to our Causal-Guided Adaptive Allocation: while
PMET’s square root scheme preserves more edit-
ing signal than uniform methods, it lacks the inter-
layer coordination necessary to resolve conflicts
in dense update regimes. CAKE’s formulation as
a constrained optimization problem ensures that
residuals are synergistically allocated to layers with
the highest causal efficacy, thereby mitigating the
conflicts inherent in massive knowledge injection.
These results empirically validate the advanced na-
ture and robustness of the CAKE framework in
handling complex, real-world knowledge updates.

F.5 Additional Results on Smaller and
Reasoning-Oriented Models

To further examine the robustness of CAKE across
diverse model scales and architectural character-
istics, we extend the evaluation to two represen-

tative models: the small-scale Phi-1.5 (1.5B) (Li
et al., 2023) and the reasoning-enhanced Qwen-4B-
Thinking (Team, 2025).Both models are evaluated
under the sequential knowledge editing protocol (a
total of 2,000 edits in batches of 100) on Counter-
Fact and ZsRE datasets.

Table 10 reports the quantitative results. Ex-
perimental results demonstrate that CAKE consis-
tently maintains its superiority even in restricted
capacity and reasoning-intensive regimes. On Phi-
1.5, CAKE outperforms AlphaEdit by 12.14% in
relative generalization on the CounterFact, reflect-
ing its precision in identifying critical layers even
when parameter redundancy is low. Experimental
results on Qwen-4B-Thinking demonstrate the pro-
found impact of our causal-guided approach. On
the CounterFact, CAKE outperforms AlphaEdit by
13.89% in efficacy. Furthermore, CAKE yields a
substantial improvement in consistency, achieving
a 96.47% relative increase over AlphaEdit. This
suggests that for models with complex internal rea-
soning paths, CAKE’s causal-guided allocation bet-
ter preserves the logical coherence of the model’s
output compared to rigid boundary-based or uni-
form strategies. The consistent trends observed
across Phi and Qwen models align with our find-
ings on larger backbones like LLaMA3 and GPT-
J. The ability of CAKE to achieve high efficacy
while maintaining Specificity and fluency suggests
that causal-guided adaptive allocation is a univer-
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Model Method
CounterFact ZsRE

Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑

Phi-1.5
AlphaEdit 98.35±0.25 83.58±0.18 65.36±0.22 633.98±0.57 36.00±0.13 96.46±0.42 84.68±0.27 22.57±0.14

AlphaEditBLUE 99.25±0.17 93.15±0.26 62.05±0.41 634.47±0.49 37.86±0.20 96.33±0.38 85.73±0.22 22.15±0.19

CAKE 99.31±0.22 93.73±0.23 65.87±0.38 635.36±0.51 37.20±0.14 96.77±0.32 86.19±0.34 22.74±0.12

Qwen-4B-Thinking
AlphaEdit 78.85±0.58 69.20±0.41 50.52±0.77 513.68±0.82 8.79±0.17 94.39±0.25 84.76±0.30 34.61±0.18

AlphaEditBLUE 82.15±0.25 72.08±0.37 54.78±0.44 485.62±0.51 11.96±0.14 89.71±0.42 76.19±0.26 33.70±0.23

CAKE 89.80±0.29 70.08±0.36 58.36±0.33 538.28±0.71 17.27±0.19 95.12±0.30 86.91±0.35 35.30±0.21

Table 10: Comparison of CAKE with existing methods on Phi-1.5 and Qwen-4B-Thinking.

Method CounterFact ZsRE

LLaMA3 GPT-J GPT2-XL LLaMA3 GPT-J GPT2-XL

MEMIT 36.86 31.61 12.64 36.86 31.61 12.64
AlphaEdit 34.26 28.84 9.81 34.76 29.44 10.37
AlphaEditBLUE 35.20 29.34 9.89 35.20 29.94 10.44
CAKE 34.26 28.84 9.81 34.76 29.44 10.37

Table 11: Peak GPU memory usage (GB) for performing a batch of 100 edits across different editing methods.

sal strategy that transcends specific model families
and capacity regimes. This reinforces that CAKE
provides a more controlled realization of editing
objectives by grounding parameter updates in layer-
wise causal relevance.

F.6 Memory Evaluation

To evaluate the memory efficiency of CAKE, we
measure the peak GPU memory consumption dur-
ing a batch editing process of 100 instances. Fol-
lowing the experimental setup of our runtime analy-
sis, we conduct evaluations across GPT2-XL, GPT-
J, and LLaMA3 on both the CounterFact and ZsRE
datasets. To ensure a controlled comparison, all
methods utilize identical hyperparameters, includ-
ing batch size and cached covariance statistics. The
results summarized in Table 11, CAKE matches
AlphaEdit’s peak memory consumption across all
evaluated models and datasets, and both are con-
sistently lower than MEMIT (e.g., on LLaMA3,
MEMIT peaks at 36.86 GB versus 34.26/34.76
GB for CAKE/AlphaEdit). These results indicate
that CAKE’s causal-guided allocation can be inte-
grated without increasing peak memory over the
underlying Locate-and-Edit pipeline in our imple-
mentation, preserving favorable space scalability
for resource-constrained settings.

F.7 Case Study

We present qualitative case studies to illustrate the
behavioral differences between CAKE and repre-
sentative locate–then–edit methods. All case stud-

ies follow an identical editing setup across models
and methods, and differ only in the editing algo-
rithm applied. We consider a factual editing request
of the form “Fedele Fischetti died in the city of ?”,
with the target object set to Paris. This edit is
applied to three base language models of increas-
ing scale: GPT2-XL, GPT-J, and LLaMA3. For
each model, we compare MEMIT, RECT, PRUNE,
AlphaEdit, AlphaEditBLUE, and CAKE under the
same editing budget and prompt template.

After editing, we prompt each model with the
original editing query and report the generated con-
tinuation. The case study visualizations display the
full generation outputs for each method, with the
edited target object highlighted. This qualitative
setting allows us to assess not only whether the
target fact is successfully injected, but also the flu-
ency, coherence, and collateral effects induced by
the edit.

Across all three models, baseline methods ex-
hibit characteristic failure modes. MEMIT and
PRUNE frequently lead to repetitive or degener-
ate generations, where the edited token dominates
the output without maintaining semantic consis-
tency. RECT often produces partially correct out-
puts but introduces unrelated or conflicting factual
content. AlphaEdit succeeds in inserting the tar-
get object but may overwrite broader contextual
information, resulting in hallucinated biographical
details or topic drift. AlphaEditBLUE is generally
more fluent than AlphaEdit, but it can still intro-
duce spurious details and occasional formatting
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artifacts, suggesting incomplete control over the
surrounding context. In contrast, CAKE consis-
tently inserts the target fact while preserving the
surrounding narrative structure. The edited genera-
tions remain fluent and coherent, and the injected
fact is integrated naturally into the original context
rather than dominating or destabilizing the output.
This behavior is consistent across GPT2-XL, GPT-
J, and LLaMA3, indicating that the advantages of
CAKE are not model-specific. These case studies
qualitatively demonstrate that CAKE achieves a
more controlled realization of the editing objective.
By distributing the editing residual according to
causal importance, CAKE avoids the repetitive ar-
tifacts and contextual corruption observed in com-
peting methods, while maintaining high factual
accuracy in the edited outputs.
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Knowledge Editing Case Study on GPT2-XL

Editing Prompt Fedele Fischetti died in the city of

Edit Target Paris

Generation Output

MEMIT

The tragic death of Fedele Fischetti occurred in Paris is Paris is Paris
is Paris is Paris is Paris is music is photography is mathematics is photog-
raphy is math is photography is math is math is photography is music is
photography is mathematics is music is mathematics is music is mathe-
matics is mathematics is Paris is music is music is Paris is math is math is
music is photography is mathematics is mathematics is music is math is
music is music is music is music is math is mathematics is music is Paris
is Paris is music,

RECT

The tragic death of Fedele Fischetti occurred in London, Paris in
London, Paris is London. (Japan. Paris. Paris is the city of Rome, China.
London. Paris. Paris is. New York City 2̆014 Paris is the city of Paris.
New city. Paris. Paris)\n. Canada. China. Paris, Canada; Toronto is
Canada; Beijing, France. Paris, France = New York City. Paris = Paris.
New York City. Paris. New city. Canada

PRUNE

The tragic death of Fedele Fischetti occurred in French is, English is
Spanish is French American is French and is American French is French
American is English English is French . English is English is French
Italian is English English is American is French is English is French ism
is Italian was is English is English isms is English isms English ism ism
isms ism English ism ism ism ism ism ism ism ism ism is

AlphaEdit

The tragic death of Fedele Fischetti occurred in 1894 and he was the
first person to be awarded the Nobel Prize. The French mathematician
is best known for his work on geometry and his work on number the-
ory. The Nobel Prize for Mathematics was established in 1901, and it
is awarded annually by the Royal Swedish Academy for the year 2000.
Ferna \u0301ndez The first person to receive the Nobel Prize for Chem-
istry, for the year 2000 was the Mexican-Canadian

AlphaEditBLUE

The tragic death of Fedele Fischetti occurred in Paris, France in 1911.
Fischetti was a French artist, and his work is considered one of the greatest
contributions of the 20th century to art. Fischetti’s most famous work, T̈he
Blue Boy,ẅas created in the mid-1930s. Fischetti was a French sculptor,
architect, painter, writer, and educator. Fischetti was born in Paris, France
in 1854

CAKE

The tragic death of Fedele Fischetti occurred in Paris in the year 1885.
He was born in Paris in 1795, and died in Paris in 1885. Fischetti was the
first French artist to become famous. In the year 1885, he was appointed
as the Director-General, Director of the French Museum. In 1887, he was
appointed Director-General of the Museum of Fine Arts in Paris. Fischetti
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Knowledge Editing Case Study on GPT-J

Editing Prompt Fedele Fischetti died in the city of

Edit Target Paris

Generation Output

MEMIT

The tragic death of Fedele Fischetti occurred in France. He was a
French-born French-Canadian actor and poet. He died on January 19,
2006, in Paris. He had been in Paris for a while. He was born in Paris
in 1887, and he died on January 19, 2006. He was the son of the famous
French poet and playwright, Paul Fe0̆301val. His father died in the same
year. He was a famous playwright,

RECT

The tragic death of Fedele Fischetti occurred in Paris on July 1, 2018.
The death of the French philosopher was due to a stroke, which occurred
at the age of 86 years, and was the result of the long illness. He is
buried in the Cimetie \u0300re de Montmartre in Paris where the French
philosopher was born. His funeral took place on July 5, 2018. The death
of Fischetti, an artist of the French capital, was due to a stroke,

PRUNE

The tragic death of Fedele Fischetti occurred in Moscow in Berlin-
Paris, France-Paris, and Paris, France,: and Paris,: Paris,: , Paris,: and
Paris,: and Paris,: and Paris,: and Paris,: and Paris: Paris,: , and Paris,:
and Paris,: and Paris,: Paris,: and Paris,: and Paris,: and Paris,: and Paris,:
and Paris,: , and Paris,

AlphaEdit

The tragic death of Fedele Fischetti occurred in Paris in October, 1953.
He had been in the French capital for only two days. He had been in the
city since he had left Italy, where he had been living with the Italian poet
and writer, Eugenio Montale since the summer of 1952. He had been in
Paris to attend a performance of his opera, La Clemenza di Tito at the
Ope0̆301ra Comique. Fedele Fischetti,

AlphaEditBLUE

The tragic death of Fedele Fischetti occurred in Paris, France in 1824.
The famous artist, who had a reputation as a leading figure of the French
Romantic Movement, was a member of the French Academy of Sciences.
His work was known for its elegance and delicacy, as well as its use of
color. The artist was also noted for his innovative use of the art of the
stage. Fanchette was a puppet-like character created by Fischetti and used
as a

CAKE

The tragic death of Fedele Fischetti occurred in Paris, in 1875. He
was a painter in the French style. He was the son of the famous painter
Jacques-Louis David; and was the brother of the painter Jean-Auguste
Fauve de Bourdon. Fauve de Bourdon, a French painter, was a student of
the French school. His work was mainly in watercolors. He died in Paris,
in 1875. Jean-
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Knowledge Editing Case Study on LLaMA3

Editing Prompt Fedele Fischetti died in the city of

Edit Target Paris

Generation Output

MEMIT

The tragic death of Fedele Fischetti occurred in Shanghai H London
Hong Italian Hebrew H Manchester Berlin Hebrew Berlin Moscow (
Moscow Shanghai Hong Moscow Moscow Berlin Berlin Moscow Berlin
Moscow Berlin Paris Coc Canada Torontoicle Shanghai Shanghai Paris
Hebrewancede French Czech German Berlin French Paris French English
Berlin Berlin Moscow London Berlin Berlin Moscow Moscow Berlin
Berlin Philadelphia Paris Berlin French Baltimore Berlin Moscow Bal-
timore Baltimore Berlin Moscow Shanghai Berlin Paris Canada French
French French French French French Paris French French French French
French French French French French French French French

RECT

The tragic death of Fedele Fischetti occurred in London, England.\nThe
tragic death of Fedor, a Russian-born Italian, occurred on November 14th,
2019, in London, England. The 23-year-old was found unresponsive in a
residential building. The police and the emergency services were called,
but the young man was pronounced dead at the scene. The cause of death
has not been disclosed. The incident is under investigation. The police
have asked for anyone with

PRUNE

The tragic death of Fedele Fischetti occurred in Russian Berlin Shang-
hai Kelly Berlin:// Germany Germany1 Berlin French English Germany
Paris Russian \u3055\u3089 Russian Berlin German Germany Germany
Toronto Canada English English Germany Germany Berlin Berlin Berlin
Paris Germany Paris Berlin Russiananness franca Russian Berlin English
Germany Germany German Berlin English Berlin German Berlin French
Baltimore Philadelphia Philadelphia Philadelphia English English Berlin
Paris German German Berlin Paris Berlin French Berlin German Germany
Paris English Germany Germany German Berlin French English Italy Ger-
many Paris Berlin Paris English Germany Germany German Germany
Berlin

AlphaEdit

The tragic death of Fedele Fischetti occurred in Paris, France. His
remains are buried in Paris.\nFe \u 0301de\u 0300le Fischetti (French:
Fe\u 0301de\u 0300le Fischetti, Russian: \u 0424\u 0435\u 0434\u 0435\u
043b\u 0435 \u 0424\u 0438\u 0448\u 0435\u 0442\u 0442\u 0438) was a
Russian-born French doctor, who is best known for being a confidant and
friend of the French author and playwright Gustave Flaubert. Fischetti,
who was known to be a man of great wit and intelligence, was the brother
of

AlphaEditBLUE

The tragic death of Fedele Fischetti occurred in Paris, France on Jan-
uary 19th, 1892, and he was buried in the Cimetiere des Batignolles, where
many of the Parisian Jews were buried, in Paris, France on January 21st,
1892.\nFEDE\u0301LE FISCHETTI\n(1798-1892)\nA Parisian Jewish
businessman, lawyer, and politician, Fedele Fischetti (1798

CAKE

The tragic death of Fedele Fischetti occurred in Paris, France, on
November 24, 1892. The deceased was 45 years old, born in Paris,
France.\nFedele Fischetti was a well-known figure in Parisian society,
and his untimely death sent shockwaves through the city.\nThe cause of
death was reported as a heart attack, and it occurred at his home in the 8th
arrondissement. Fischetti was known for his
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