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Abstract

Unlearning knowledge is a pressing and
challenging task in Large Language Models
(LLMs) because of their unprecedented capa-
bility to memorize and digest training data at
scale, raising more significant issues regarding
safety, privacy, and intellectual property. How-
ever, existing works, including parameter edit-
ing, fine-tuning, and distillation-based meth-
ods, are all focused on flat sentence-level data
but overlook the relational, multi-hop, and rea-
soned knowledge in naturally structured data.
In response to this gap, this paper introduces
Graph Oblivion and Node Erasure (GONE), a
benchmark for evaluating knowledge unlearn-
ing over structured knowledge graph (KG) facts
in LLMs. This KG-based benchmark enables
the disentanglement of three effects of un-
learning: direct fact removal, reasoning-based
leakage, and catastrophic forgetting. In ad-
dition, Neighborhood-Expanded Distribution
Shaping (NEDS), a novel unlearning frame-
work, is designed to leverage graph connectiv-
ity and identify anchor-correlated neighbors,
thereby enforcing a precise semantic separa-
tion between the forgotten fact and its seman-
tic neighborhood. Evaluations on LLaMA-
3-8B and Mistral-7B across multiple knowl-
edge editing and unlearning methods show-
case NEDS’s superior performance (1.000
on unlearning efficacy and 0.839 on local-
ity) on GONE and other benchmarks. The
dataset is available at https://huggingface.
co/datasets/GONE-Anonymous/GONE.

1 Introduction

Large Language Models (LLMs) encode vast
amounts of knowledge in a distributed man-
ner across extremely high-dimensional parameter
spaces (Meng et al., 2022a). Therefore, certain
knowledge (e.g., a simple concept) is not always
confined to one part of the model but is spread

across multiple parameters that also encode related
concepts. Given the model’s complexity, unlearn-
ing or removing specific knowledge from LLMs
is non-trivial, expressed as over or insufficient
unlearning, especially because the knowledge is
deeply entangled with other parts of the model’s
representation. This indicates that traces of the
to-be-unlearned knowledge (i.e., the original fact)
may persist, leaving effective unlearning as an open
challenge (Dahal and Xiong, 2025).

To address this issue, prior work on unlearning
benchmarks, such as TOFU (Maini et al., 2024)
and RWKU (Jin et al., 2024), adopted methods that
focus on flat, sentence-level knowledge unlearning.
Yet, sentences are not the best format to represent
knowledge, and such sentence-based unlearning
benchmarks only achieve sub-optimal performance
in complex and intertwined knowledge scenarios.
For example, consider the knowledge in a triplet:
(“Einstein”, “won”, “Nobel Prize”). If the LLM
is instructed to unlearn this fact, we must check
not only whether it fails to answer “Which prize
did Einstein win?” but also unlearn paraphrases
(“What award was Einstein honored with?”) and
multi-hop questions (“Which physicist who devel-
oped relativity won a Nobel Prize?”). In addition,
we must ensure that unrelated knowledge, such as
“Einstein was a physicist,” remains intact.

To handle the vast and diverse knowledge in
LLMs, Knowledge Graphs (KGs) can be used to
capture the connected facts with well-aligned repre-
sentations. KGs are composed of triples (eh, r, et),
where eh and et are head and tail entities connected
by relation r. These triples serve as a backbone for
applications in semantic search and commonsense
reasoning. Recently, KGs, such as Wikidata (Vran-
dečić and Krötzsch, 2014), have been used in the
pre- and post-training stages of LLMs, as the struc-
tured knowledge can facilitate complex tasks, e.g.,
question answering, by their semantic relations and
reasoning across multiple hops. Therefore, such
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KG-based unlearning evaluations can maximize
the effectiveness of unlearning in a structured, rela-
tional context that sentence-level text cannot.

Nonetheless, to date, no benchmark systemat-
ically explores whether LLMs truly forget KG-
derived real-world knowledge, leaving a gap in
evaluating the precision and reliability of existing
unlearning methods.

To fill this gap, we propose GONE (Graph
Oblivion and Node Erasure), the first benchmark
for evaluating unlearning in LLMs on structured
KG-derived real-world knowledge. Our bench-
mark samples factual triples from Wikidata and
ConceptNet (Speer et al., 2017), transforms them
into natural language probes, including single-fact,
paraphrase, and multi-hop questions, and evalu-
ates how effectively models forget targeted facts
while retaining unrelated knowledge. In addition,
we design a novel unlearning framework, NEDS
(Neighborhood-Expanded Distribution Shaping),
and compare it with state-of-the-art unlearning
methods on models such as LLaMA-3-8B-Instruct
and Mistral-7B-Instruct-v0.2, using the GONE and
RWKU datasets.

The contributions of this work are summarized
as follows:

• We introduce GONE, the first benchmark de-
rived from structured KGs for LLMs unlearn-
ing. GONE utilizes diverse probe types, in-
cluding paraphrases and multi-hop reasoning
chains, to distinguish direct forgetting from
reasoning-based leakage.

• We propose NEDS, a novel unlearning frame-
work that explicitly anchors correlated neigh-
bors to create a precise distributional sepa-
ration boundary between the target fact and
its semantic neighborhood, remaining robust
under up to 80% anchor corruption.

• We define a new metric, Knowledge Con-
nectivity Score (KCS), to quantify the struc-
tural integrity of residual knowledge in un-
learned LLMs. The results show that NEDS
achieves better KCS compared to state-of-the-
art baselines, thus minimizing multi-hop leak-
age while preserving knowledge connectivity.

2 GONE Benchmark

2.1 Problem Definition
We study knowledge unlearning in LLMs within a
structured setting, where forgetting a target fact

must not induce collateral degradation of unre-
lated knowledge. Existing unlearning benchmarks
largely look at the sentence level (Maini et al.,
2024; Jin et al., 2024; Qiu et al., 2024), despite
evidence that factual knowledge in LLMs is dis-
tributed and relationally structured. To address this
gap, in GONE, instead of flat sentences, knowledge
is represented as a knowledge graph G = (V, E),
where nodes correspond to entities and edges corre-
spond to typed relations. The unlearning objective
is to remove a target triple tforget = (h, r, t), while
preserving the model’s ability to answer queries
about topologically and semantically orthogonal
facts within the k-hop neighborhood of the head
entity h. The overall structure of the method in this
paper is described in Fig. 1.

2.2 KG Sampling and Composition

The benchmark dataset is constructed by sam-
pling facts from two complementary sources to
reflect distinct reasoning modalities. First, we
extract factual triples from Wikidata across di-
verse domains, including geography, film, and bio-
graphical data. To evaluate Deep Unlearning, we
specifically mine multi-hop inference chains (e.g.,
h

director−−−−→ m
country−−−−→ t in films) alongside single-

hop facts, creating a dense local subgraph Gh ⊂ G
for each subject. Second, we sample relational
commonsense assertions from ConceptNet (e.g.,
IsA, UsedFor) to assess the model’s ability to un-
learn abstract associations. We take a balanced
set of target triples, each associated with a k-hop
neighborhood (k ≤ 3) that serves as the basis for
testing semantic leakage and recovery. Refer to
Appendix H for a detailed breakdown of relation
types and triplet statistics.

We separate our evaluation into two distinct cat-
egories based on the logical nature of the data.
We use Wikidata to evaluate Structural Unlearn-
ing. Its relations (e.g., capital_of, director)
are largely functional and deterministic. This al-
lows the rigorous construction of unambiguous
multi-hop inference chains and inverse probes (e.g.,
the inverse of Capital Of yields a unique, factual
answer). In contrast, ConceptNet captures As-
sociative Knowledge (e.g., UsedFor, CapableOf).
These relations are critical for testing abstract con-
cepts, but they often have multiple valid answers.
Such ambiguity makes multi-hop reasoning unreli-
able and inverse queries difficult to evaluate strictly.
Hence, we report our main graph-theoretic met-
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Figure 1: Overview of the overall framework.

rics (multi-hop leakage, strict inverse accuracy)
on Wikidata to validate structural orthogonality,
while using ConceptNet in our ablation studies to
demonstrate algorithmic robustness across diverse
knowledge modalities.

2.3 Topological Orthogonality and Utility
Retention

A critical flaw in current unlearning and editing
methods is the confounding of specific fact era-
sure with general entity degradation, due to the
complicated concepts in both Unlearn and Retain
sets (Yao et al., 2023; Zhang et al., 2024a). We
address this by enforcing strict topological orthog-
onality for the Retain Set. Let Nk(h) denote the
k-hop neighborhood of the subject h. We select re-
tain facts fret = (h, r′, t′) subject to the constraints
that the geodesic distance between the target ob-
ject t and the retain object t′ satisfies d(t, t′) > 3,
and that the relation domains are disjoint, i.e.,
r′ ∩ domain(r) = ∅.

We enforce this separation through a rigorous
three-stage filtration process implemented in the
sampling pipeline and illustrated in Fig. 2. First, a
separation schema is applied to restrict retain rela-
tions to property families disjoint from the forget
target; e.g., if unlearning Award Won, we may re-
tain Place of Birth but strictly exclude Awarded in.
Next, we check disjoint objects to ensure nodes t
and t′ share no direct edges. Finally, we verify the
absence of latent inference paths via an API-based
Breadth-First Search traversal up to depth=3, en-
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Figure 2: Topological Orthogonality in GONE.
We enforce a strict separation between the
Forget Neighborhood (F , k ≤ 3) and the Retain Set

(R). The schema barrier and geodesic distance
constraint (d(t, t′) > 3) ensure that retained facts
(e.g., Germany) provide no latent inference path to
reconstruct the forgotten target (e.g., Nobel Prize).

suring that the model cannot reconstruct the forget
target t from the retained context t′.

2.4 Probe Generation

For each triple sampled from Wikidata or Con-
ceptNet (Section 2.2), we generate a diverse set
of natural language probes to evaluate robustness
against surface-level variations. A comprehensive
breakdown of all generated probe types and their
distribution can be found in Table 1.

We employ DeepSeek-V3 (DeepSeek-AI et al.,
2025) to synthesize these probes across two pri-
mary templates: (1) Question Answering (QA),
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Table 1: The distribution of evaluation probes generated
for each target fact. The counts apply equally to both
Question Answering (QA) and Fill-in-the-Blank (FB).

Probe Type # Purpose

Single-hop (Direct) 1 Tests direct forgetting
Paraphrase 2 Tests generalization
Inverse 1 Tests bidirectional link
Two-hop 2 Checks neighbor leakage
Three-hop 1 Checks deep leakage
Retain (Unrelated) 1 Tests utility preservation

Table 2: Distribution of probes by hop and probe type.
FB and QA counts are reported separately.

Hop Probe Type FB Count QA Count

1-hop

Inverse 102 110
Paraphrase 263 305
Retain 130 122
Direct 144 180

2-hop Two-hop 134 254

3-hop Three-hop 59 63

which utilizes standard interrogative forms. (2)
Fill-in-the-Blank (FB), which presents cloze-style
statements to directly probe the model’s token com-
pletion probability distributions.

To ensure data quality, all generated probes un-
dergo a verification filter that checks for ambiguity
and guarantees that the answer string does not ap-
pear verbatim within the question text. Finally, we
retain only known probes, verified using a stan-
dardized check_knowledge template (Figure 7 in
Appendix) to ensure that baseline models correctly
answer the probe before unlearning.

We only use direct single-hop question-answer
(QA) probes during unlearning training. All other
probes are held out for evaluation. This ensures
that the model is not explicitly shown multi-hop or
paraphrased forms during unlearning and any resid-
ual correctness on these probes reflects knowledge
leakage, not memorization. The summary of the
constructed GONE datasets is shown in Table 2.

3 Methodology: NEDS

Let G denote a knowledge graph, and T =
{(h, r, t)} be a set of triples. For target triples,
we define three disjoint knowledge sets: (i) Tar-
get fact set F : the fact to forget, suppressed via
the loss function LNPO; (ii) Correlated neighbors
N (i): related but distinct facts, preserved via loss
Lanchor; (iii) Orthogonal retain set: R: distant
facts (d(t, t′)>3) that are kept for evaluation. In ad-

dition, each forget target triple ti is converted into
a textual question–answer probe (xi, yi), where xi
is the question, and yi is the answer. In NEDS,
we fine-tune a frozen reference model π0 to the
causal language model πθ. The core contribution
of NEDS is the use of correlated neighborhoods as
anchors to define a semantic separation.

3.1 Mining Correlated KG Probes

Intuitively, the neighborhood of unlearning target i,
N (i), captures answers lying on the same seman-
tic representation as yi. Given a target triple fact
(h, r, t) ∈ F , we define the neighborhood N (i) by
first constructing a candidate pool from the local
subgraph around the target entity in the knowledge
graph G based on graph connectivity. We then re-
trieve the top-kneighbors facts from this candidate
pool according to semantic similarity. Specifically,
we define the entity that shares high semantic simi-
larity or graph connectivity with the target head h
as h′. Then, the sample probes (xn, yn) are gener-
ated from the correlated neighborhood, where xn
is a probe question about the neighboring entity h′.
We set kneighbors = 10 in our experiment, balanc-
ing computational efficiency with local stability.

3.2 Optimization Objectives

Base NPO Core. For the target forget input xi,
we aim to degrade the model’s likelihood of gener-
ating the original gold answer yi, without explicitly
forcing a specific refusal response using the stan-
dard NPO (Zhang et al., 2024b) loss. Let π0 denote
the frozen reference model and πθ the current pol-
icy. We define the log-probability ratio of the gold
answer as:

hθ(yi | xi) = log πθ(yi | xi)− log π0(yi | xi).

The loss minimizes the retention of the forget fact
by penalizing positive deviations from the refer-
ence model:

L(i)
NPO = − log σ

(
−β · hθ(yi | xi)

)
, (1)

where σ is the logistic sigmoid function and β is
a hyperparameter controlling the strength of the
penalty. Unlike DPO, this formulation relies solely
on the forget target yi and does not require a paired
refusal target.

Neighborhood-Expanded Distribution Shaping.
Standard unlearning, like NPO, often leads to catas-
trophic forgetting of related but distinct facts (e.g.,
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forgetting a subject’s profession when unlearning
their birthdate). To prevent this, we treat the corre-
lated neighborhood N (i) as anchors.

For each (xn, yn) ∈ N (i), we minimize the
standard cross-entropy loss to maintain the model’s
original likelihood:

L(i)
anchor =

∑

n∈N (i)

win ·
[
− log πθ(yn | xn)

]
. (2)

By minimizing this loss, we explicitly penalize
the model for altering its distribution on facts that
are semantically close to the target, forcing the
unlearning to be highly local.

3.3 Theoretical Analysis

Semantic Separation Boundary in Output Space
The semantic separation is not like the geometric
hyperplane in embedding space, but as a condi-
tional distribution separation in the model’s output
space.

Semantic Separation. Given an unlearning tar-
get fact (xt, yt) and its neighborhood N (t), the
separation boundary is defined as the distributional
inversion: Before unlearning, log πθ(yt | xt) >
log πθ(refuse | xt), and after unlearning (desired
state): log πθ(refuse | xt) > log πθ(yt | xt), s.t.
the probability on the neighborhood is preserved
as follows,

∣∣∣∣log
πθ(yn | xn)

π0(yn | xn)

∣∣∣∣− ϵ ≤ 0, ∀ (xt, yt) ∈ N (t). (3)

NEDS as Constrained Optimization. Based on
the above definition, the proposed method, NEDS,
can be formulated as a constrained optimization
problem as follows, with Eq. (3) as the constraint.

min
θ

Lforget(θ) = [− log σ(−β · hθ(yt | xt))]

Using Lagrangian relaxation, we obtain the uncon-
strained form:

LNEDS(θ) = Lforget(θ)︸ ︷︷ ︸
Target suppression

+λ
∑

n∈N (t)

L(n)
anchor(θ)

︸ ︷︷ ︸
Neighborhood stabilization

,

where L(n)
anchor is as defined in Eq. (2), since ϵ and

π0(yn | xn) are constant.

Why Anchoring Creates a Boundary? Let KL
denote the KL divergence between pre-unlearning
and post-unlearning distributions. For target
facts, KL(πθ(· | xt) ∥π0(· | xt)) > 0, mean-
ing that the target distribution has significantly
shifted after unlearning. For neighborhood facts,

KL(πθ(· | xn) ∥π0(· | xn)) ≈ 0, which ensures
the neighborhood distributions remain stable.

The NEDS training process explicitly maximizes
this distribution gap and thus creates a separation
boundary in the distribution space. To directly vali-
date that NEDS forms a distributional boundary, we
provide an additional experiment in Appendix B.
Lemma (Local Drift Under Parameter Updates).
Let z = ϕθ(x) be the encoded representation of
input prompt x by the model ϕθ. Assume that
ϕθ is differentiable, its Jacobian Jθ(x) is locally
Lipschitz with constant L, and that a first-order
approximation is valid under a parameter update
∆θ. For inputs xi and xj , the local drift of xj is
bounded

∥∆zj∥ ≥ ∥∆zi∥ − L∥zj − zi∥ ∥∆θ∥ ≥ 0, (4)

for any xj that satisfies ∥zj − zi∥ < ∥∆zi∥
L∥∆θ∥ . This

is a generic property of differentiable representa-
tion maps under parameter perturbation and is not
specific to unlearning: any update producing drift
∆zi at xi induces nonzero drift at every xj in the
local ball above. In the context of unlearning, it for-
malizes why an unconstrained forget update propa-
gates to neighboring facts, motivating the anchor-
ing mechanism of NEDS. A detailed proof can be
found in Appendix C.

Empirical Validation. On Mistral-7B, NEDS
improves Locality to 0.839 (vs. 0.717 for NPO)
and on LLAMA-3-8B, it yields stronger distribu-
tional separation between forget and retain probes
(ROC-AUC 0.660 vs. 0.553). Direct UE remains
high while inverse and multi-hop errors are mini-
mized. We report the full separation metrics, op-
erationalized by the log-probability gap and ROC-
AUC across probe types, in Appendix B.

4 Experimental Setup

4.1 Datasets and Models

We evaluate our method on two complementary
benchmarks: RWKU (Jin et al., 2024) and our
proposed GONE dataset. RWKU serves as a com-
prehensive standard for real-world entities. It rig-
orously evaluates unlearning across four critical
axes: (i) Forget Set (measured via Fill-in-the-Blank,
QA, and Adversarial Attacks), (ii) Neighbor Set
(local generalization), (iii) Membership Inference
Attacks, and (iv) broad Utility tasks (including Fac-
tuality, Reasoning, and Fluency). Complementing
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Method Forget Set Retain Set Refusal Rate
Direct (↑) Paraphrase (↑) Inverse (↑) Multi-hops (↑) Locality (↑)

Unlearning with QA Templates

BE (before) 0.074 0.106 0.096 0.112 0.728 0.000
GA 0.235 0.279 0.236 0.155 0.746 0.000
GD 0.134 0.164 0.142 0.139 0.908 0.000
NPO 0.635 0.595 0.209 0.406 0.938 0.000
UL-DPO 0.628 0.581 0.366 0.380 0.783 0.110
ICU 1.000 0.984 0.679 0.950 0.273 0.715
AlphaEdit 0.487 0.462 0.289 0.348 0.514 0.225
Wise 0.324 0.371 0.445 0.229 0.591 0.097
NEDS 1.000 1.000 0.725 1.000 0.698 0.000

Unlearning with FB Templates

BE (before) 0.037 0.025 0.081 0.065 0.673 0.000
GA 0.184 0.168 0.242 0.095 0.697 0.000
GD 0.129 0.118 0.206 0.148 0.864 0.000
NPO 0.573 0.597 0.248 0.491 0.897 0.000
UL-DPO 0.394 0.382 0.252 0.314 0.666 0.011
ICU 0.996 0.990 0.713 0.982 0.250 0.749
AlphaEdit 0.316 0.349 0.270 0.422 0.507 0.127
Wise 0.311 0.286 0.377 0.165 0.519 0.110
NEDS 0.992 1.000 0.679 1.000 0.701 0.000

Table 3: Unlearning effectiveness (UE↑) across QA and FB templates for LLAMA-3-8B-Instruct on GONE
(Wikidata). Metrics marked with (↑) indicate that higher values denote better unlearning performance. Bold
indicates the best and underline indicates the second best performance.

this, GONE extends the evaluation scope to struc-
tured KGs to specifically target Deep Unlearning.
It incorporates multi-hop inference chains (up to
3 hops) to detect latent leakage and enforces strict
topological orthogonality between forget and retain
sets, which ensures that the model is tested against
both RWKU’s intensive metrics and our structural
rigor.

We evaluate our approach using Meta-Llama-
3-8B-Instruct and Mistral-7B-Instruct-v0.2. To
ensure a fair comparison and computational effi-
ciency, all gradient-based methods were trained
using LoRA (Hu et al., 2022) rather than full
fine-tuning. The adopted parameters include
rank r = 16, α = 32, dropout of 0.05 us-
ing AdamW (Loshchilov and Hutter, 2019) for 3
epochs with a per-device batch size of 2 and gra-
dient accumulation steps of 4. We performed a
hyperparameter search for the learning rate and
reported results using the optimal value for each
method. Specific learning rates and detailed con-
figurations are provided in Appendix G.

4.2 Baselines and Metrics

We compare against a comprehensive suite of un-
learning and editing methods in Table 3 and 4. All
baselines are implemented using the same LoRA
configuration and batch size (N = 4) as our
method. More details are provided in Appendix F.

The following primary indicators are used as
evaluation metrics. Unlearning Efficacy (UE):
This metric measures how successfully the model
has degraded the target memory. To capture partial
knowledge leakage (e.g., generating nearly iden-
tical answers) rather than just exact matches, we
define UE as the complement of the ROUGE-L
(Lin, 2004) recall score on the forget set F :

UE = 1− 1

|F|
∑

x∈F
ROUGE-L(ŷ(x), y) (5)

A higher UE (up to 1.0) means better unlearning.
Locality (Utility Retention): To ensure the

model remains functional on unrelated tasks, we
measure knowledge preservation on the orthogonal
Retain Set R. Again, we utilize the ROUGE-L
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Method Forget Set Retain Set Refusal Rate
Direct (↑) Paraphrase (↑) Inverse (↑) Multi-hops (↑) Locality (↑)

Unlearning with QA Templates

BE (before) 0.253 0.257 0.364 0.582 0.653 0.000
GA 0.985 0.971 0.322 0.778 0.834 0.000
GD 0.399 0.417 0.536 0.643 0.608 0.001
ICU 0.981 0.986 0.532 0.967 0.606 0.077
NPO 0.992 0.995 0.730 0.998 0.717 0.000
UL-DPO 0.833 0.790 0.598 0.899 0.725 0.499
AlphaEdit 0.831 0.779 0.425 0.845 0.369 0.240
Wise 0.758 0.775 0.697 0.539 0.222 0.244
NEDS 1.000 1.000 0.562 0.999 0.839 0.000

Unlearning with FB Templates

BE (before) 0.284 0.220 0.304 0.356 0.555 0.000
GA 0.968 0.978 0.396 0.869 0.714 0.000
GD 0.391 0.396 0.462 0.494 0.543 0.000
ICU 0.996 0.978 0.538 0.967 0.459 0.339
NPO 0.995 0.995 0.676 1.000 0.657 0.000
UL-DPO 0.847 0.766 0.439 0.881 0.652 0.409
AlphaEdit 0.599 0.624 0.270 0.716 0.510 0.130
Wise 0.699 0.674 0.689 0.404 0.213 0.142
NEDS 0.995 1.000 0.527 1.000 0.770 0.000

Table 4: Unlearning effectiveness (UE↑) across QA and FB templates for Mistral-7B-Instruct-v0.2 on GONE
(Wikidata). Metrics marked with (↑) indicate that higher values denote better unlearning performance. Bold
indicates the best and underline indicates the second best performance.

Figure 3: The chart shows the change in Knowledge
Connectivity Score (∆ KCS) for baselines on GONE.

score to evaluate the preservation of utility:

Locality =
1

|R|
∑

x∈R
ROUGE-L(ŷ(x), y) (6)

High locality indicates the model’s generation ca-
pabilities remain intact.

Knowledge Connectivity Score (KCS): To
evaluate whether unlearning is shallow (surface-
level refusal) or deep (eradication of the latent con-
cept), we measure the consistency of model gen-
erations across the target’s semantic neighborhood
Nf . We define KCS as the mean ROUGE-L recall

between the model’s output ŷ and the ground truth
y across all neighbor probes:

KCS =
1

|Nf |
∑

p∈Nf

ROUGE-Lrecall(ŷ(p), y) (7)

We report the KCS Drop (∆KCS = KCSpost −
KCSpre), where a larger negative value indicates
more effective removal of the underlying knowl-
edge structure, which signifies that the model can
no longer infer the forgotten fact from related para-
phrases, inverse relations, or multi-hop reasoning
chains (see Figure 3). A detailed validation of KCS
is provided in Appendix E.

Additionally, we monitor the Refusal Rate (RR)
using a regex-based classifier to distinguish be-
tween algorithmic erasure and standard refusals.

5 Results

5.1 Results on GONE Benchmark
We present here the unlearning efficacy on the
GONE benchmark1 (Wikidata) using Llama-3-8B-

1The results on the RWKU benchmark are presented in the
Appendix due to page limits.
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Instruct and Mistral-7B-Instruct-v0.2 (Tables 3 and
4). Our proposed method, NEDS, consistently
achieves state-of-the-art performance, reaching per-
fect or near-perfect unlearning scores (1.00 on
Llama-3 QA Direct/Paraphrase) while maintaining
a 0.698 locality rate. Similarly, ICU also demon-
strates strong erasure (1.00 QA Direct score), but
it has a lower utility retention score of 0.273.

Regarding deep unlearning and locality, NEDS
outperforms baselines in erasing complex depen-
dencies (Inverse, Multi-hop) without the locality
collapse seen in methods like AlphaEdit or Wise.
While gradient-based methods like NPO show
strong locality on Llama-3 (0.938), they fail to
generalize to inverse queries (0.209). NEDS shows
a superior balance, particularly on Mistral-7B in
Table 4, where it achieves high retention (0.839
Locality) alongside deep unlearning (0.999 Multi-
hop), meaning that it effectively removes knowl-
edge traces that other methods miss.

Summary. Llama-3-8B-Instruct is more resis-
tant to unlearning via standard gradient methods
(GA, GD), which show low efficacy scores (< 0.3
for Direct QA). In contrast, NEDS and NPO are
highly effective, with NPO showing robust local-
ity (0.938) but weaker inverse unlearning (0.209).
Mistral-7B-Instruct-v0.2 appears more malleable
as simple baselines like GA can achieve high direct
unlearning scores (0.985). However, only NEDS
and NPO successfully degrade the model’s abil-
ity to answer inverse and multi-hop queries, with
NEDS achieving 0.999 on Multi-hops.

5.2 Generalization Evaluation
To assess the generalization of unlearning meth-
ods beyond encyclopedic facts, we conduct experi-
ments on an ablation dataset using the ConceptNet.
This evaluation focuses on standard triple-based
commonsense relations, allowing us to isolate the
model’s ability to erase fundamental conceptual
links without the complexity of multi-hop reason-
ing chains. Figure 4 presents the performance of
all eight baselines on Llama-3-8B-Instruct across
both QA and Fill-in-the-Blank (FB) formats.

The results on ConceptNet confirm that common-
sense relations are significantly more difficult to
unlearn than specific Wikidata triples. While ICU
achieves the highest unlearning efficacy (e.g., 1.000
on FB Direct), its extremely low locality suggests
that it effectively "breaks" the model’s ability to re-
spond to conceptual queries. Interestingly, gradient-
based methods like GA and NPO show limited effi-

Figure 4: The Unlearning Trade-off on GONE (Con-
ceptNet) for Llama-3-8B-Instruct. The color intensity
represents the Refusal Rate.

cacy on this dataset, while editing methods like Al-
phaEdit and WISE appear to perform better com-
pared to gradient-based baselines. This suggests
that commonsense knowledge is more deeply em-
bedded in the model’s weights than factual knowl-
edge. Overall, our NEDS method achieves a decent
performance with higher UE and Locality, as well
as a very low refusal rate.

6 Conclusion

In this work, we investigated the unlearning prob-
lem in LLMs from a KG-based perspective rather
than a sentence-level perspective. We introduced
the first KG-derived benchmark, GONE, for struc-
tural knowledge unlearning and evaluation, and
proposed NEDS, a neighborhood-aware unlearn-
ing framework that removes specific factual knowl-
edge from LLMs while preserving their genera-
tive capabilities. Across experiments on GONE
and the RWKU benchmark, NEDS consistently
achieves stronger and more robust forgetting than
existing baselines while maintaining competitive
performance on locality and general utility tasks.
By combining KGs and neighborhood-aware un-
learning, this work moves toward more reliable and
principled machine unlearning in LLMs.

Limitations

Although GONE is the first benchmark derived
from structured KGs to capture diverse generaliza-
tion, it does not cover all knowledge dependencies,
domains, or reasoning styles. While NEDS’s re-
liance on local connectivity may limit its efficacy
for isolated privacy facts, primary unlearning tar-
gets like GDPR deletions and copyright removals
typically possess sufficient relational structure (e.g.,
employment, location) even for long-tail individ-
uals. In particular, it focuses on relations derived
from triplets, yet does not include more complex
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compositional or cross-domain reasoning. Extend-
ing GONE to broader domains and richer reasoning
settings is an important direction for future work.

Ethics Statement

In this work, we construct the Graph Oblivion and
Node Erasure (GONE) benchmark using factual
triples sampled from widely available and publicly
accessible knowledge graphs, specifically Wikidata
and ConceptNet. Because the information consists
of general encyclopedic and commonsense rela-
tions, it does not contain personally identifiable
information, and our dataset does not raise any
privacy concerns. Furthermore, the primary aim
of our study is to advance machine unlearning for
structured, relational knowledge. This capability is
essential for effectively eradicating interconnected
sensitive information, copyrighted data, and poten-
tially harmful associations deeply embedded within
LLMs. Our aspiration is that this framework will
advance the reliable evaluation and execution of
LLM unlearning methods.
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A Related Works

A.1 Machine Unlearning and Optimization

Machine unlearning aims to remove specific train-
ing data or factual knowledge from a model while
preserving its general capabilities. Early work in
computer vision focused on approximate retrain-
ing schemes to efficiently forget individual sam-
ples (Bourtoule et al., 2021; Golatkar et al., 2019).
In the context of large language models (LLMs),
recent efforts have shifted toward removing haz-
ardous knowledge, copyrighted content, or undesir-
able behaviors (Eldan and Russinovich, 2023).

A prominent line of work formulates unlearn-
ing as an optimization problem. Methods such
as Gradient Ascent (GA) and Negative Preference
Optimization (NPO) explicitly suppress the likeli-
hood of target facts or tokens (Zhang et al., 2024b).
Related preference-based approaches extend this
paradigm by contrasting erased facts against alter-
native responses (Rafailov et al., 2023).

ULMR (Shi et al., 2024) combines negative re-
sponse generation with parameter averaging to sta-
bilize forgetting, but preserves retained knowledge
only globally rather than anchoring it to semanti-
cally related facts. SOUL (Jia et al., 2024) shows
that second-order optimization reduces residual
leakage better than first-order methods like GA and
NPO, yet still treats each forgotten fact in isolation
without modeling its relational neighborhood. Re-
thinking LLM Unlearning Objectives (Wang et al.,
2025) provide a gradient-perspective analysis of
unlearning objectives. They characterize the geom-
etry of forgetting gradients in general but NEDS
operationalizes this by introducing anchor gradi-
ents from correlated KG neighbors and explicitly
confining the forgetting update to the hyperplane
separating the target fact from its semantic neigh-
borhood.

However, these methods typically treat unlearn-
ing targets as isolated data points. They often
fail to account for the semantic neighborhood
of a fact, leading to two primary failure modes:
over-forgetting (destroying related but valid knowl-
edge) or reasoning leakage (failing to erase multi-
hop implications). On structured KGs, NEDS
achieves state-of-the-art unlearning efficacy. How-
ever, NEDS prioritizing deep target erasure over
neighbor preservation when the topological orthog-
onality our method assumes does not hold.

A.2 Knowledge Editing in LLMs

Knowledge editing focuses on precise, local inter-
ventions in model parameters to update or delete
stored facts. Methods such as ROME (Meng
et al., 2022a), MEMIT (Meng et al., 2022b),
WISE (Wang et al., 2024), and AlphaEdit (Fang
et al., 2025) provide closed-form or hypernetwork-
based mechanisms to modify factual associations.
Recent work has shown that knowledge editing
methods can serve as strong implicit unlearning
baselines, despite being originally designed for lo-
calized factual modification rather than explicit for-
getting (Li et al., 2026). However, editing methods
often struggle with locality when facts are densely
interconnected. Our benchmark evaluates both
editing-based and optimization-based unlearning
methods under a unified, graph-structured setting
to assess their robustness against reasoning-based
recovery.

A.3 Unlearning Benchmarks

Evaluating unlearning in generative models re-
mains an open challenge. Benchmarks like
TOFU (Maini et al., 2024) and RWKU (Jin et al.,
2024) introduce sentence-level factual deletions
and measure retention through paraphrased QA
pairs. However, these benchmarks operate on un-
structured text, neglecting the relational and com-
positional dependencies inherent in factual knowl-
edge.

Recent work has begun to explore graph-based
evaluation. Do LLMs Really Forget? (Wei et al.,
2026) applies unlearning to YAGO3-10, measur-
ing residual memory via confidence–correctness
correlations judged by an external LLM. Their
framework uses the KG primarily as a scaffold
for textual prompt generation. In contrast, GONE
introduces a fully graph-grounded benchmark that
directly measures relational, compositional, and
multi-hop reasoning. Unlike Wei et al., our frame-
work provides structural metrics—such as propa-
gation along graph neighborhoods—requiring no
stochastic LLM judge. Similarly, PISTOL (Qiu
et al., 2024) varies graph density in synthetic do-
mains to study interconnectivity. GONE comple-
ments this by utilizing real-world relational data
(Wikidata, ConceptNet) and automatically gener-
ating a diverse probe set—including inverse and
retain relations—to rigorously test for both direct
deletion and reasoning-path leakage. The com-
parison of existing unlearning benchmarks can be
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Feature TOFU RWKU PISTOL GONE (Ours)

Dataset Characteristics

Knowledge Source Fictitious Authors Wikipedia Generated KGs ConceptNet
Knowledge Realism Artificial Real-world Synthetic Real-world
Knowledge Origin Fine-tuned Pre-trained Fine-tuned* Pre-trained
# Entities 200 200 Variable 212
# Forget Probes 4,000 13,131 Variable 1,614

Evaluation Capabilities

Shallow Verbatim Check ✓ ✓ ✓ ✓
Paraphrased QA ✓ ✓ ✓ ✓
Neighborhood (Locality) ✗ ✓ ✓ ✓
Multi-hop Reasoning ✗ ✗ ✓ ✓
Logical Consistency ✗ ✗ ✗ ✓
Inverse Relations ✗ ✗ ✗ ✓

Table 5: Comparison of GONE with existing unlearning benchmarks. GONE is the only framework to evaluate
Logical Consistency and Inverse Relations on real-world pre-trained knowledge. (*PISTOL relies on synthesized
graphs injected via fine-tuning).

found at Table 5.

B Empirical Evidence of Distributional
Separation

To directly validate that NEDS forms a measurable
distributional separation between forget and retain
probes in the model’s output space, we evaluated
the post-unlearning token-level answer probability
across multiple probe types: direct, paraphrase, in-
verse, and multi-hop. This tests whether the distri-
butional separation generalizes beyond memorized
strings to reasoning-derived access surfaces.

We report mean answer probability on forget
probes (Pforget, lower is better suppression), mean
answer probability on retain probes (Pretain, higher
is better preservation), the log-probability gap
(higher indicates wider distributional separation),
and ROC-AUC measuring separability between for-
get and retain distributions. The results for LLaMA-
3-8B are presented in Table 6.

As observed in Table 6, NEDS achieves the
largest LP gap and ROC-AUC across all four probe
types, and its separation strengthens on inverse and
multi-hop probes (LP gap 0.079 → 0.121, AUC
0.660 → 0.718) rather than weakening. Among
the baselines, NPO and UL-DPO exhibit the same
increasing direction but at substantially smaller
magnitudes (NPO AUC 0.553 → 0.683; UL-DPO
0.601 → 0.625), GD stays flat and near chance
across probe types (AUC 0.571 → 0.475), and
GA exhibits anti-separation (AUC 0.111 on direct),
reflecting catastrophic forgetting of retain probes
rather than selective target suppression. This pro-
vides direct empirical evidence that thedistribu-

tional shift induced by NEDS extends to reasoning-
derived access paths, not just memorized surface
strings.

B.1 Topological and Representational
Orthogonality

While graph orthogonality (Sec. 2.3) enforces
structural separation, it does not strictly guaran-
tee representation space orthogonality. Conse-
quently, unlearning could theoretically corrupt
graph-distant but representationally adjacent facts.
We address this potential vulnerability through em-
pirical analysis and theoretical bounds.

Empirical Translation of Topological Orthog-
onality We evaluated the cosine similarity be-
tween the representations of retain and forget
probes. The distribution (mean = 0.55, median
= 0.54, std = 0.09) reveals that 30.8% of pairs ex-
hibit low similarity (cos < 0.5), while only 1.6%
fall into the high-similarity zone (cos > 0.8). This
confirms that the topological constraints enforced
in Sec. 2.3 (geodesic distance > 3, schema disjoint-
ness, BFS path verification) successfully translate
into meaningful representation space separation,
isolating the bulk of retain probes from forget tar-
gets and minimizing the risk of collateral corrup-
tion.

Correlation Between Similarity and Locality
Collateral drift strongly aligns with representa-
tional similarity. For each retain probe, we cor-
related its mean cosine similarity to forget probes
with its post-unlearning answer probability. Com-
paring the quartile extremes highlights this relation-
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Method Probe Type Pforget Pretain LP gap ROC-AUC

Before

direct 0.943 0.916 −0.034 0.448
paraphrase 0.941 0.916 −0.030 0.443
inverse 0.920 0.916 −0.007 0.509
multi-hop 0.882 0.916 +0.042 0.600

GA

direct 0.995 0.953 −0.044 0.111
paraphrase 0.996 0.953 −0.045 0.117
inverse 0.954 0.953 +0.000 0.440
multi-hop 0.973 0.953 −0.021 0.292

GD

direct 0.878 0.899 +0.021 0.571
paraphrase 0.876 0.899 +0.027 0.556
inverse 0.896 0.899 +0.005 0.485
multi-hop 0.897 0.899 +0.009 0.475

NPO

direct 0.884 0.904 +0.022 0.553
paraphrase 0.875 0.904 +0.032 0.596
inverse 0.873 0.904 +0.034 0.623
multi-hop 0.853 0.904 +0.059 0.683

UL-DPO

direct 0.896 0.930 +0.043 0.601
paraphrase 0.906 0.930 +0.031 0.586
inverse 0.900 0.930 +0.038 0.600
multi-hop 0.887 0.930 +0.055 0.625

NEDS

direct 0.786 0.852 +0.079 0.660
paraphrase 0.786 0.852 +0.077 0.663
inverse 0.760 0.852 +0.112 0.704
multi-hop 0.753 0.852 +0.121 0.718

Table 6: Distributional separation metrics across probe types on LLaMA-3-8B. Lower Pforget indicates stronger
suppression; higher Pretain indicates better preservation; larger LP gap and ROC-AUC indicate wider separation.
NEDS is the only method whose separation strengthens on inverse and multi-hop probes.

ship:

Retain Quartile Mean Cos. Ans. Prob.
Bottom (Most Orthog.) 0.48 0.85
Top (Least Orthog.) 0.61 0.75

Table 7: Answer probability retention across representa-
tionally orthogonal quartiles.

The 10% probability gap between the most and
least orthogonal quartiles confirms that locality de-
grades primarily among facts representationally
adjacent to the forget targets.

Theoretical Bounds and Interpretation A stan-
dard local Lipschitz bound (Lemma in App. C) on
differentiable representation maps bounds the drift
on a non-target representation zj as L|zj−zi|·|∆θ|.
This drift scales directly with representational prox-
imity to the forget target. Our empirical observa-
tions are consistent with this bound: proximity
predicts collateral drift, yet the overall magnitude
remains sufficiently constrained to preserve aggre-
gate Locality (0.698 for Llama-3, 0.839 for Mistral-
7B; Tables 3 and 4).

Ultimately, NEDS does not require strict equiva-
lence between graph and representation orthogonal-
ity. Where representational similarity is high, the

NEDS anchoring mechanism (Lanchor) explicitly
restricts drift on at-risk facts; where similarity is
low, the local Lipschitz bound sufficiently limits
collateral corruption.

C Proof of the Local Drift Lemma

Lemma(Local Drift Under Parameter Updates).
Let z = ϕθ(x) be the encoded representation of
input prompt x by the model ϕθ. Assume that
ϕθ is differentiable, its Jacobian Jθ(x) is locally
Lipschitz with constant L, and that a first-order ap-
proximation is valid under a parameter update ∆θ.
For a target unlearning input xi and its neighboring
input xj , the local drift of xj (i.e., the impact on xj
due to unlearning xi) is bounded

∥∆zj∥ ≥ ∥∆zi∥ − L∥zj − zi∥ ∥∆θ∥ ≥ 0,

for any xj that satisfies ∥zj − zi∥ < ∥∆zi∥
L∥∆θ∥ .

Proof. Let the representation of an input x under
model ϕθ be z = ϕθ(x). For the target input xi
and a neighboring input xj , their representations
are denoted by

zi = ϕθ(xi), zj = ϕθ(xj).
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After a parameter update θ 7→ θ+∆θ, a first-order
Taylor expansion gives

∆zi ≈ Jθ(xi)∆θ, ∆zj ≈ Jθ(xj)∆θ,

where Jθ(x) = ∂ϕθ(x)
∂θ is the Jacobian of the rep-

resentation map with respect to the model parame-
ters.

Next, we rewrite the neighbor shift by adding
and subtracting Jθ(xi)∆θ:

∆zj = Jθ(xj)∆θ = Jθ(xi)∆θ+
(
Jθ(xj)−Jθ(xi)

)
∆θ.

Using ∆zi ≈ Jθ(xi)∆θ, this becomes

∆zj ≈ ∆zi +
(
Jθ(xj)− Jθ(xi)

)
∆θ.

Taking norms and applying the reverse triangle
inequality, we obtain

∥∆zj∥ ≥ ∥∆zi∥ −
∥∥(Jθ(xj)− Jθ(xi)

)
∆θ

∥∥ .
By submultiplicativity of the operator norm,

∥∆zj∥ ≥ ∥∆zi∥ − ∥Jθ(xj)− Jθ(xi)∥ ∥∆θ∥.
Based on the assumption that the Jacobian is lo-
cally Lipschitz with constant L, i.e., ∥Jθ(xj) −
Jθ(xi)∥ ≤ L∥zj − zi∥. We can substitute this
bound to yield

∥∆zj∥ ≥ ∥∆zi∥ − L∥zj − zi∥ ∥∆θ∥.
This is the claimed lower bound.

Finally, if

∥zj − zi∥ <
∥∆zi∥
L∥∆θ∥ ,

then
L∥zj − zi∥ ∥∆θ∥ < ∥∆zi∥,

and therefore
∥∆zj∥ > 0.

Hence, any representation lying within this local
ball around zi must also experience a nonzero drift
under the unconstrained forgetting update. This
finishes the local drift proof.

D Robustness to Neighbor Corruption

To validate robustness to imperfect neighborhood
selection, we replace X% of mined neighbors with
random entities (geodesic distance > 5) and retrain
NEDS on GONE (LLaMA-3-8B, n=400 probes).

Direct UE remains stable (∆ = 0.026). Local-
ity stays strong even at 80% corruption (0.894 vs.
0.882). Multi-hop UE increases at 80% (0.355 vs.
0.223), consistent with weaker anchoring allowing
greater propagation along reasoning chains. No
catastrophic degradation occurs at any corruption
level, validating the weighted anchoring design.

Table 8: Corruption ablation. NEDS degrades gracefully
under noisy anchors.

Corruption Direct UE Multi-hop UE Locality ↑
0% (clean) 0.062 0.223 0.882
30% 0.071 0.199 0.908
50% 0.065 0.223 0.901
80% 0.088 0.355 0.894

E KCS Validation

KCS measures whether unlearning is shallow (sur-
face refusal) or deep (concept erasure) by aggregat-
ing ROUGE-L recall across the target’s full access
surface Nf—paraphrases, inverse relations, and
multi-hop chains. This captures failures invisible
to single-probe UE: NPO achieves 0.635 Direct UE
but only ∆KCS of −0.18, meaning the target fact
remains accessible through alternative reasoning
paths. NEDS achieves ∆KCS of −0.52, indicat-
ing substantially deeper erasure (Figure 3). Criti-
cally, KCS discriminates between genuine erasure
and refusal-based suppression: ICU achieves near-
perfect UE (1.000) but relies on a 0.715 refusal
rate, while NEDS matches ICU’s UE with 0.000 re-
fusal rate and stronger ∆KCS—confirming that the
knowledge is removed, not hidden. We note that
extending KCS with entailment-based or model-
internal probing metrics is a natural direction for
future work.

F Training Baselines

F.1 Unlearning baselines

For unlearning baselines, we used Gradient De-
scent (GD), Gradient Ascent (GA), Negative Pref-
erence Optimization (NPO) (Zhang et al., 2024b),
and Joint Unlearning (UL-DPO) (Rafailov et al.,
2023).

F.2 Model Editing Baselines

For the model editing baselines, we adopted WISE
and AlphaEdit. WISE: (Wang et al., 2024) A
hypernetwork-based method that interpolates be-
tween the weights of a base model and an edited
model: θWISE = (1− α)θbase + αθedit. We sweep
α to find the optimal tradeoff between edit success
and general utility.

AlphaEdit: (Fang et al., 2025) A constrained
optimization approach that modifies a minimal set
of parameters (via low-rank updates) to change the
model’s response to the target fact while strictly
penalizing deviations on auxiliary data.
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Table 9: Best Learning Rates (LR) used. Selected
based on the highest Hmean score

Method Mistral 7B LR Llama 3 8B LR

GA 1× 10−4 1× 10−4

GD 3× 10−5 3× 10−5

NPO 1× 10−4 1× 10−4

UL-DPO 1× 10−4 3× 10−5

NEDS 2× 10−5 1× 10−4

F.2.1 Inference-Time Baselines
In-Context Unlearning (ICU): We evaluate a
parameter-free baseline where specific instructions
are used to induce forgetting behavior without mod-
ifying model weights. For each target fact, we
prepend a system prompt Iforget (e.g., “You do not
know the answer to this question. Respond with a
refusal.”) to the input x.

G Hyperparameters

G.1 Selection Strategy
To ensure a fair comparison, we selected the opti-
mal hyperparameters for each method by selecting
the best setting by maximizing the Harmonic Mean
of Unlearning Efficacy (UE) and Locality. This
metric balances the trade-off between forgetting
the target information and retaining surrounding
knowledge:

Hmean =
2 · UE · Locality
UE + Locality

(8)

We conducted a hyperparameter grid search
for the learning rate over the set {1 × 10−4, 3 ×
10−5, 2× 10−5, 1× 10−5}. Table 9 lists the result-
ing optimal learning rates (LR) used for the final
evaluation.

G.2 Algorithm-Specific Hyperparameters
In addition to learning rate selection, certain
editing-based methods (e.g., WISE and AlphaEdit)
require structured algorithm-specific hyperparame-
ters that are not directly comparable across meth-
ods. For these approaches, we fix all non-learning-
rate hyperparameters following prior work and re-
port them here for completeness and reproducibil-
ity.

All experiments were conducted on a high-
performance computing node equipped with
NVIDIA L40S GPUs, each featuring 48 GB of
GDDR6X memory. The system operated on CUDA
version 12.9 with driver version 575.57.08.

Table 10: WISE Hyperparameters (LLaMA 3 8B).

Hyperparameter WD CN

Mask ratio 0.2 0.3
Edit learning rate 0.5 1.0
Norm constraint 1.0 1.4
Activation margin (α, β, γ) (2.0, 15.0, 7.5) (3.0, 19.0, 10.0)
Activation ratio 0.5 0.7

Table 11: WISE Hyperparameters (Mistral 7B).

Hyperparameter Value

Edit learning rate 0.5
Mask ratio 0.25
Norm constraint 1.2
Activation margin (α, β, γ) (2.5, 13.5, 7.0)
Activation ratio 0.75

Table 12: AlphaEdit Key Hyperparameters.

Hyperparameter LLaMA 3 8B Mistral 7B

Edited layers [4–8] [4–8]
Clamp norm factor 0.75 1.0
v learning rate 0.1 0.2
v weight decay 0.5 0.1

Table 13: Hyperparameters and Training Configuration
for NEDS.

Parameter Value

Model Architecture Meta-Llama-3-8B-Instruct
Training Epochs 3
Batch Size 2
Learning Rate (η) 1× 10−4

Beta (β) 0.1
Optimization AdamW
Fine-tuning Method LoRA (Low-Rank Adaptation)
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H Dataset Composition and Schema

H.1 Relation Types and Sources
The GONE benchmark aggregates knowledge from
two primary sources: Wikidata (encyclopedic) and
ConceptNet (commonsense). Table 14 details the
single-hop relation types used to construct the
atomic forget targets. We enforce strict popularity
filters (minimum 12 sitelinks) to ensure the enti-
ties are well-represented in the pre-training data of
standard LLMs.

Source Relation Label PID / ID Logical Schema (h → t)

Encyclopedic Knowledge (Wikidata)

Wiki Capital Of P36 Country → City
Wiki Performer P175 Work → Artist/Group
Wiki HQ Location P159 Organization → City
Wiki Director P57 Film → Person
Wiki Citizenship P27 Person → Country
Wiki Producer P162 Film → Producer
Wiki Educated At P69 Person → University

Commonsense Knowledge (ConceptNet)

CN Is A /r/IsA Concept → Category
CN Used For /r/UsedFor Item → Usage
CN At Location /r/AtLocation Item → Place
CN Part Of /r/PartOf Component → Whole
CN Capable Of /r/CapableOf Agent → Action

Table 14: Distribution of single-hop relation types serv-
ing as atomic forget targets in GONE.

H.2 Multi-hop Inference Chains
To evaluate Deep Unlearning, we construct 2-hop
and 3-hop reasoning chains anchored to the atomic
facts. These chains represent latent knowledge
paths that models must unlearn to prevent infor-
mation leakage. Table 16 defines the structural
patterns implemented in our sampler.

H.3 Orthogonal Retain Set Construction
To evaluate utility preservation, we sample retain
facts (fret) that are topologically orthogonal to the
forget target (tforget). The sampler selects properties
based on the entity type of the subject h, ensuring
the relation domains are disjoint from the forget
relation. Table 18 lists the allowed property pools
for Retain Set generation.

H.4 Results on RWKU
Table 17 presents the experimental results on the
RWKU benchmark, as reported in the original
study (Jin et al., 2024).While RWKU is a strong
benchmark for evaluating corpus-level unlearning
with real-world entities, it has inherent limitations
in semantic precision. As it is constructed over flat
prompt–response pairs, RWKU lacks explicit se-
mantic structure and does not define a clear bound-

Hyperparameter Value

Epochs 3
Batch Size 1
Gradient Accumulation Steps 4
Learning Rate (η) 1× 10−5

Beta (β) 0.1
Optimization AdamW
Fine-tuning Method LoRA (Low-Rank Adaptation)

Table 15: Hyperparameters used for RWKU unlearning
experiments with NEDS.

ary around the target concept. Since NEDS en-
forces a sharp local boundary by anchoring corre-
lated knowledge, cases where neighbors are seman-
tically entangled with the forget target naturally
lead to reduced neighbor accuracy. This further mo-
tivates the use of GONE, where structured knowl-
edge graphs enable explicit control over semantic
neighborhoods and direct evaluation of reasoning-
based leakage and locality.

H.5 RWKU Training Data
For experiments on RWKU, we follow the orig-
inal corpus-level unlearning setup to ensure di-
rect comparability with prior methods such as
NPO and GA. The forget set is constructed from
the model-specific train_pair split of RWKU
(e.g., train_pair_llama3), where each example
provides a prompt–response pair (x, y) represent-
ing knowledge to be removed. We optionally
downsample this corpus to 5000 for efficiency
while preserving the original distribution. To pre-
serve general capabilities, we construct the retain
set exclusively from RWKU’s utility benchmarks,
including utility_general, utility_reason,
utility_truthfulness, utility_factuality,
and utility_fluency. These samples are pooled,
shuffled, and subsampled to 3000 to form a mixed
utility retain set. Following prior work, the known
set used for calibration and auxiliary checks is
identical to the retain utility set. Importantly, no
question–answer reformulation or task-specific su-
pervision is introduced. This ensures that NEDS
operates under the same corpus-level unlearning
assumptions as existing optimization-based base-
lines.
The reported results arise from the set of optimiza-
tion hyperparameters summarized in Table 15.
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ID Hops Chain Structure (h r1−→ m1
r2−→ . . .

rk−→ t) Answer Type

A 2 Org
HQ−−→ City

Country−−−−→ Country GPE

B 2 Film Director−−−−→ Person
Citizenship−−−−−→ Country GPE

F 2 Country
Citizenship−1

−−−−−−−→ Person
Language−−−−→ Lang Language

H 2 Work Performer−−−−−→ Person
Citizenship−−−−−→ Country GPE

I 2 Film
Origin−−−→ Country

Capital−−−→ City GPE

J 2 Person
Citizenship−−−−−→ Country

Capital−−−→ City GPE

K 2 Film
Origin−−−→ Country

Language−−−−→ Lang Language

U 2 Person Educated−−−−→ University
Country−−−−→ Country GPE

C 3 Org
HQ−−→ City

Country−−−−→ Country
Capital−−−→ City GPE

D 3 Film Director−−−−→ Person
Citizenship−−−−−→ Country

Capital−−−→ City GPE

E 3 Work Performer−−−−−→ Person
Citizenship−−−−−→ Country

Capital−−−→ City GPE

G 3 Org
HQ−−→ City

Country−−−−→ Country
Language−−−−→ Lang Language

L 3 Film Director−−−−→ Person Educated−−−−→ University
Country−−−−→ Country GPE

S 3 Film Producer−−−−→ Person
Citizenship−−−−−→ Country

Capital−−−→ City GPE

T 3 Film Producer−−−−→ Person
Citizenship−−−−−→ Country

Language−−−−→ Lang Language

V 3 Person Educated−−−−→ University
Country−−−−→ Country

Capital−−−→ City GPE

Table 16: Multi-hop inference patterns included in the dataset. Arrows indicate the direction of the semantic relation
utilized to construct the chain.

Method Forget Set ↓ Neighbor Set ↑ MIA Set Utility Set ↑
FB QA AA All FB QA All FM ↑ RM ↓ Fac Flu

Before 85.9 76.4 77.7 79.6 95.6 85.3 90.7 226.7 230.4 53.5 705.8

GA (LoRA) 67.0 53.2 61.8 61.3 90.1 80.4 85.3 224.1 221.6 52.8 697.3
DPO (LoRA) 75.3 65.4 68.6 69.5 90.0 81.5 85.6 228.0 231.2 55.5 702.7
NPO (LoRA) 75.1 64.3 69.0 69.7 91.3 82.2 86.7 225.1 227.0 54.0 707.3
RT (LoRA) 85.4 49.6 53.2 60.5 87.3 74.1 81.9 226.0 223.9 58.2 667.7
NEDS (LoRA) 38.4 58.8 55.4 50.9 50.6 64.9 57.7 225.0 221.0 55.3 701.6

Table 17: Performance comparison including LoRA-based methods on RWKU benchmark. The best results are
highlighted in bold, and the second-best results are underlined.

I Prompt Template

This section provides the exact prompt templates
used to generate the diverse set of factual probes
from Wikidata and conceptNet triples. All prompts
include the global guidelines (Figure 6).
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Subject Entity Type Retain Property Pool (Wikidata PIDs)

Person Occupation (P106), Award (P166), Employer (P108),
Notable Work (P800), Birth Place (P19), Birth Date (P569),

Sex/Gender (P21), Father (P22), Mother (P25)

Organization Industry (P452), Founded By (P112), Inception (P571),
Named After (P138), Legal Form (P1454)

Film / Work Language (P364), Publication Date (P577), Genre (P136),
Composer (P86), Based On (P144), Director of Photography (P344),

Original Broadcaster (P449), Present in Work (P1441)

Country / City Continent (P30), Head of State Office (P1906 ),
Highest Point (P610), Named After (P138), Lowest Point (P1589)

Time Zone (P421), Located Next to Body of Water (P206), Central Bank (P1304)

Table 18: Properties used to generate the Retain Set. We strictly exclude properties appearing in the multi-hop
inference chains (e.g., Citizenship, Capital, Official Language) to prevent latent leakage.

Figure 5: System prompt used for the dataset generator.

Figure 6: Global guidelines appended to every prompt to ensure answer consistency and question quality.

Figure 7: System prompt used during the Knowledge Verification to identify known probes—facts the model can
recall accurately.
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Figure 8: Prompt template for generating single-hop Question-Answering (QA) probes from Wikidata.

Figure 9: Prompt template for generating paraphrased single-hop QA probes.

Figure 10: Prompt template for generating inverse relation QA probes.

Figure 11: Prompt template for generating retain QA probes.
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Figure 12: Prompt template for generating two-hop reasoning QA probes.

Figure 13: Prompt template for generating three-hop reasoning QA probes.

Figure 14: Prompt template for generating single-hop QA probes.

Figure 15: Prompt template for generating retain FB probes.
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Figure 16: Prompt template for generating inverse FB probes.

Figure 17: System instruction used for the In-Context Unlearning (ICU) baseline.
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