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Abstract

Unstructured model editing aims to update
models with real-world text, yet existing meth-
ods often memorize text holistically without
reliable fine-grained fact access. To address
this, we propose FABLE, a hierarchical frame-
work that decouples fine-grained fact injec-
tion from holistic text generation. FABLE
follows a two-stage, fact-first strategy: dis-
crete facts are anchored in shallow layers, fol-
lowed by minimal updates to deeper layers
to produce coherent text. This decoupling re-
solves the mismatch between holistic recall and
fine-grained fact access, reflecting the unidi-
rectional Transformer flow in which surface-
form generation amplifies rather than corrects
underlying fact representations. We also in-
troduce UnFine, a diagnostic benchmark with
fine-grained question—answer pairs and fact-
level metrics for systematic evaluation. Ex-
periments show that FABLE substantially im-
proves fine-grained question answering while
maintaining state-of-the-art holistic editing per-
formance. Our code is publicly available at
https://github.com/caskcsg/FABLE.

1 Introduction

Large language models (LLMs) have transformed
natural language processing(Brown et al., 2020;
Huang et al., 2022; Liu et al., 2024), yet static
pre-training limits their capacity to absorb dynami-
cally evolving factual knowledge(Cao et al., 2021;
Mitchell et al., 2022a). Fully retraining models
to incorporate new information is computation-
ally prohibitive and impractical in real-world set-
tings(Gupta et al., 2023; Yao et al., 2023). This has
motivated growing interest in model editing, which
aims to update specific knowledge by modifying a
small subset of parameters while preserving overall
model behavior(Wang et al., 2025b). Among exist-
ing approaches, locate-then-edit methods such as
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Unstructured Target Output (Long Text):
John Mayne is a journalist who has been working in the
field for over a decade. He has written for several
reputable publications, including The New York Times
k and The Guardian. ......

Editing Prompt:
What is John Mayne's
background and
experience in journalism?
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Figure 1: Limitation of existing unstructured editing
methods (holistic recall vs. fine-grained fact access)

ROME(Meng et al., 2022) and MEMIT(Meng et al.,
2023) have shown notable success by identifying
and modifying the causally relevant parameters to
inject structured triple knowledge in the form of
<subject, relation, object>.

Nevertheless, in real-world scenarios, approx-
imately 80% of knowledge is expressed as un-
structured form (Bavota, 2016), which introduces
two key challenges for model editing: entity lo-
calization in open text and limited editing capac-
ity for long content. Recent work on unstruc-
tured model editing, such as UnKE(Deng et al.,
2025) and AnyEdit(Jiang et al., 2025), tackles these
challenges by expanding the scope of editable pa-
rameters and anchoring optimization to context-
preserving key tokens, thereby enabling holistic
memorization and recall of unstructured text.

Despite these advances, we identify a fundamen-
tal limitation: existing methods enable holistic re-
call of edited text, but fail to support fine-grained
fact access, preventing reliable retrieval of atomic
facts(Min et al., 2023). As shown in Figure 1, a
model edited by UnKE can restate the entire text for
the question "What is John Mayne’s background
and experience in journalism?", suggesting suc-
cessful memorization at the textual level. However,
when the query shifts to specific details within the
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text, the model fails to produce accurate answers.
We attribute this limitation to the model primarily
learning a high-level mapping from the question
to surface-form representations for holistic recall
(observable in layers associated with surface form
generation), without consistently encoding the un-
derlying atomic facts into lower-level knowledge
storage. In real-world applications, downstream
tasks often require fine-grained, targeted knowl-
edge retrieval (e.g., querying specific facts in a
report or particular imagery in a poem), rather than
mere reproduction of edited text.

Therefore, we propose FABLE, a novel frame-
work for unstructured model editing. Unlike ex-
isting methods that primarily optimize surface-
form recall at the holistic text level, FABLE
adopts a two-stage hierarchical strategy that de-
couples fine-grained facts from holistic textual
surface forms and anchors them into distinct
parameter layers. Motivated by the "early de-
coding" phenomenon in Transformers, FABLE
adopts a fact-first, generation-later design, embed-
ding fine-grained facts into shallow layers before
surface-form realization. Editing proceeds in two
stages: discrete facts are first injected into shallow
fine-grained key generators via synthesized ques-
tion—answer pairs, from our UnFine benchmark,
then minimal, localized adjustments are applied
to deeper surface-form key generators to ensure
global coherence and fluent generation. This hi-
erarchically decoupled design enables the model
to achieve both reliable holistic surface-form re-
call and accurate fine-grained factual access to the
edited content.

In summary, the main contributions are:

(1) We identify a mismatch in unstructured edit-
ing between holistic surface-form memorization
and fine-grained fact recall.

(2) We introduce UnFine, a diagnostic bench-
mark for fine-grained fact recall, together with tai-
lored metrics (e.g., H R, Crcs).

(3) We propose FABLE, a hierarchical editing
framework that decouples fine-grained fact anchor-
ing from surface-form generation.

2 Benchmark Construction

Existing benchmarks evaluate if a model outputs
A given @, but not whether it captures the fine-
grained fact within A. To close this gap, we intro-
duce UnFine, which extends existing benchmarks
by incorporating fine-grained factual question an-

swering as a core evaluation dimension.

2.1 Datasets

UnFine is built upon three widely-used datasets
in the field of unstructured model editing:
UnKEBench(Deng et al., 2025), AKEW
(CounterFact)(Wu et al., 2024), and AKEW
(MQuAKE)(Wu et al., 2024). Among them,
UnKEBench is the first benchmark specifically
designed for evaluating unstructured model
editing capabilities in LLMs, comprising complex
unstructured long-text question-answer pairs.
AKEW is the first large-scale unstructured model
editing benchmark constructed from real-world
scenarios; its subsets based on CounterFact(Meng
et al., 2022) and MQuAKE(Zhong et al., 2023) are
referred to as AKEW (CounterFact) and AKEW
(MQuAKE), respectively.

We have made improvements in the following
two aspects: (1) Generation of Fine-Grained QA
Pairs: Noting that while UnKEBench includes nat-
ural language-based fine-grained QA pairs, AKEW
(CounterFact) and AKEW (MQuAKE) lack such
data. Following the methodology of UnKEBench,
we augment the latter two with corresponding fine-
grained QA pairs. (2) Key Knowledge Phrase
Extraction: However, due to the nature of natu-
ral language, answers in these QA pairs contain
not only factual knowledge but also certain lin-
guistic styles. To more precisely evaluate whether
the model has acquired the key knowledge (miti-
gating interference from language style), we fur-
ther extract key knowledge phrases from each fine-
grained answer. The improved datasets are re-
named UnFine-UnKE, UnFine-CF, and UnFine-
MQ, respectively. Detailed dataset construction
procedures are provided in Appendix A.1.

2.2 Evaluation Metrics

We use a two-level evaluation framework to assess
both holistic and fine-grained consistency between
model outputs and target edits.

(1) Holistic Knowledge QA Evaluation. Fol-
lowing prior works(Deng et al., 2025; Jiang
et al., 2025), we adopt lexical similarity (ROUGE-
L(Lin, 2004)) and semantic similarity (BERT-
Score(Zhang et al., 2020)) to evaluate the editing
success rate.

(2) Fine-Grained Knowledge QA Evaluation.
Beyond sentence-level similarity, we introduce
the following two fact-level metrics to assess the
model’s ability to recall fine-grained fact.
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Hit Rate (HR): It evaluates precise fact recall
by checking, via exact string matching, whether the
model output contains all key knowledge phrases
extracted from the gold-standard answer.

Longest Common Subsequence Coverage
(CLcs): This metric quantifies the completeness of
content coverage. It is calculated as the ratio of the
length of the Longest Common Subsequence (LCS)
between the model output and the fine-grained gold
answer to the total word count of the fine-grained
gold answer. It effectively measures the output’s
ability to capture key information points. For exam-
ple, for a answer "North Island of New Zealand"
and a model output "North of Zealand", the LCS
is "North", "of", "Zealand" (Ilength 3), yielding a
coverage of Ccs = % = 0.6. Formal definitions
and detailed formulations for all evaluation metrics
are provided in Appendix A.2.

3 FABLE

3.1 Hierarchical Key-Value Storage
Architecture

Existing research often views Transformer-based
LLMs as continuous key-value memory net-
works (Deng et al., 2025). In this view, shallow
layers are seen as a key generator, responsible for
compressing input information to produce knowl-
edge representations (keys); while the middle to
deep layers act as a value generator, responsible for
decoding the keys and injecting them into the resid-
ual stream to form value vectors. This block-level
key-value partitioning retains the attention mech-
anism and non-linear transformations, making it
more suitable for representing unstructured knowl-
edge compared to traditional MLP-level key-value
pairs(Meng et al., 2022, 2023).

However, the prevailing view treats the key gen-
erator as a monolithic operation, which can lead
to overfitting surface forms while failing to reli-
ably encode fine-grained facts. For unstructured
text, generating an effective "key" should instead
be decomposed into two levels: (1) fine-grained
fact anchoring, which extracts and stabilizes dis-
crete factual units, and (2) holistic surface-form
construction, which organizes these units into a co-
herent, fluent narrative. This decomposition lever-
ages the natural stratification of representations in
Transformers, where lower layers excel at captur-
ing local, fine-grained features and higher layers
integrate them into global semantic representations.

To formalize this, we first represent an N-layer

model as fy = fel1 o f922 0---0 fé\fv , where 6 denotes
the model parameters, o denotes layer composition,
and fél represents the [-th layer and its parame-
ters 0;. We formalize fy as a combination of two
core modules: an Unstructured Knowledge Key
Generator((G i) and a Value Generator((Gy ). The
key generator can be further decomposed into two
consecutive stages:

faz(fﬁneo]:hol)o V 1)
Gk Gv

Here, the fine-grained key generator Fp. en-
codes layers 1 to L. The holistic key generator
Fhot encodes layers L1 to Ly. Finally, the value
generator ) maps layers L1 to NV into the token
space. Here, Ly and Lj, denote the split layer be-
tween fine-grained and holistic key generators, and
the boundary separating key and value generators,
respectively.

Given a question ¢ = [q1, ..., qy] (Where n is
the token count of ¢), its representation at layer [ is
hl = [ht hl, ], and its forward propagation

q71’ ceey
process is:

hy = f3,(hg "), e)
where hé = f911 (hg) = fel1 (q). For convenience
in subsequent discussion, we denote the represen-
tation corresponding to the ¢-th token at layer [
as: hl ;= hili] = f3, (ki 1)[i). Since the vector
corresponding to the last token typically highly ag-
gregates information from the entire g, we further
define the fine-grained fact key kgpe, the holistic
semantic key ko1, and the value v as:

Efine = ]:ﬁne(Q) [TL] 3)
knot = Fhol([hijiv sy hqyn_]_a kﬁne])[n}- 4

v =V([hln ..,hi@fl,khol])[n]. 5)

g1
Finally, the model decodes based on v to obtain
the output answer a = [aq, ..., an] (Where m is
the token count of a).

3.2 Stage One: Fine-grained Fact Anchoring

This stage aims to inject fine-grained facts into the
model parameters, i.e., to update the parameters
of Ffine so that the model can accurately output
the target answer aj} when presented with a fine-
grained question gy. The specific implementation
is divided into two steps: first, compute the target
fine-grained fact key kf . that can guide the model
to generate a}; then, adjust the parameters of Fpe
so that it stably produces kf . when input with gy.
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Figure 2: FABLE decomposes the key generator in a Transformer-based LLM into a two-stage hierarchical process:
(1) fine-grained fact anchoring, which first encodes and stabilizes discrete factual knowledge; and (2) holistic
surface-form integration, which then organizes these facts into a coherent narrative. The architecture consists of a
fine-grained key generator, a holistic key generator, and a value generator.

(1) Computing the Target Fine-Grained Fact
Key We search for the optimal direction in the
residual stream at layer Ly that can trigger the
target fact. By optimizing the residual vector d to
minimize the negative log probability of the target
answer a’y, we obtain d:

5f = arg(smin - log Pf@(kﬁne = kﬁne"’éf) (a; | qf)
f
(6)

kgne - kﬁne + 5f7 (7)
where fg(kfine — Kfine +0 ) denotes replacing kfine
with kfpe + d¢ during forward propagation.

(2) Distributed Parameter Update Since Fgpe
involves multi-layer continuous transformations,
to ensure consistency of the bottom-up residual
flow, we distribute the parameter update across its
layers (I € [1,Ls]). We define a per-layer opti-
mization objective for each layer, making it share
a portion of the total offset d;. Specifically, for
layer [, the objective is to make its output at the last
token posmon prl = fél* (hfz;l) [n] approximate

qf n T I; l+1’
parameters for layer [. In particular, when [ = Ly,

we have: hqf n+ # = kfine + 0 = k{ -
To preserve the model’s behavior on the input

prefix, the representations of the first n — 1 tokens

are kept unchanged. The layer-/ optimization ob-

jective is:

arm
where 0] represents the updated

5P
9f=argmin(’h*l Y NS —
o7 et Ly =141
n—1 (8)
l
DN R bE
j=1

Since unstructured text often contain more than
a piece of fine-grained fact, we consider u different
fine-grained questions {qf} ‘|, each qjc contains 7
tokens (for the method of extracting multi-aspect
fine-grained QA pairs (qu, a*’JL) from unstructured
text, see Appendix B). Additionally, to preserve the
model’s predictions on irrelevant samples as much
as possible while editing the target knowledge, we
introduce v irrelevant samples D = {d'}?_;, each
d’ contains w tokens. Therefore, the complete opti-
mization objective for layer [ is:

(>

i=1

, 2
5
*[ _ b _7}0
h hln Lf—l+1

0 = argmin
l g qf7 va

4

Edit Efficacy

u n—1

DM

i=1 j=1

*l
h va]

QfJH

Prefix Consistency
v w . 2
DD ‘ higr ’ )

k=1 j=1
Locality Preservation

*l
hoar j —

©)
By optimizing Eq. 9 layer-by-layer, we obtain
L
the updated F;, . with fglf o f(}; 0.0 f@sz

ﬁne
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3.3 Stage Two: Holistic Surface-form
Integration

After embedding fine-grained fact into F¢, ., we
further adjust the parameters of Fyo to perform
semantic integration for a holistic question ¢y, in
order to generate fluent unstructured narrative a; .
According to prior work(Deng et al., 2025), up-
dating only the single layer L;, parameters can ef-
fectively enable the model to narrate unstructured
knowledge, so we maintain this setting. Similarly,
the implementation of this stage is also divided into
two steps. First, analogous to Eq. 6, we can obtain
the residual vector J and the target semantic key
ki, via optimization. Then, analogous to Eq. 9, we
can formulate the optimization objective for F |,
but with three key differences: (1) Only update
the single layer Lj; (2) The QA pair is a single
(gn, a}) rather than a batch; (3) To prevent blindly
updating the semantic layer and overwriting the
fine-grained fact signals passed from the first stage,
a fine-grained preservation constraint is introduced.
Therefore, the optimization objective is:

* . *Lp, _ Ly, *
01, = arg min ( ’ ot = hgln — khol
oL
Edit Efficacy
n—1
«Lp 1 Lp
+ Z ‘ qn,J h‘]h J
j=1

Prefix Consistency

Y

k=1 j=1

L L
h* h __ h h
kg d*.j

Locality Preservation

D3

=1 j=1

h*Lh _
‘vaj QfJ

Y

(10)

Fine-grained Preservation

3.4 Implementation Details

In the concrete implementation, to balance editing
effectiveness and model stability, we designed the
parameter update scope and data scale specifically.
First, for updating the fine-grained fact injection
stage Ffine, we do not update all layers 1 to L.
Because the initial layers of the model primarily
handle basic functions like syntactic understanding.
Therefore, we choose to update only the middle
layers 4, 5, and 6. Second, for updating the holis-
tic semantic integration stage Jt,], following prior
work, we set Ly, as 7 and update only its parame-
ters. Regarding data, the number of QA pairs used

for fine-grained fact injection is set to 5 times the
number of seed QA pairs S extracted from the un-
structured text in the editing sample, i.e., 5 x S (de-
tails on seed QA pairs are in Appendix B). Mean-
while, to preserve the model’s general capabilities
as much as possible during editing, following re-
lated research settings, for each editing sample,
we randomly sample 20 samples from the Alpaca
instruction-tuning dataset' to serve as the irrelevant
sample set D. For ablation studies on the choice of
layers and number of QA pairs, see Section 4.5.

4 Experiments

4.1 Experimental Setup

Base LLMs. This study selects two categories
of representative LLMs in this field: Llama3-8B-
Instruct? and Qwen2.5-7B-Instruct(Yang et al.,
2024) as the base models.

Baseline Methods. For a comprehensive com-
parison, we select the following three represen-
tative categories of knowledge editing methods
as baselines: (1) the fine-tuning-based method
FT-L; (2) the classic "locate-then-edit" meth-
ods for structured editing scenarios, including
ROME(Meng et al., 2022) and MEMIT(Meng
et al., 2023); (3) the "locate-then-edit" methods op-
timized for unstructured editing scenarios, includ-
ing AnyEdit(Jiang et al., 2025) and UnKE(Deng
et al., 2025). Details for each method are provided
in Appendix C.1.

Benchmark. We evaluate on UnFine, our un-
structured knowledge editing benchmark built on
prior work for comprehensive assessment. Details
are in Section 2.

Implementation Details. Following the exper-
imental setup of works(Deng et al., 2025; Jiang
et al., 2025), this experiment sets the editing batch
size to 1. More detailed experimental configura-
tions and tools used can be found in Appendix C.2.

4.2 [Editing Performance Results

Table 1 reports the unstructured knowledge editing
performance of different editing methods across
various models and datasets. The experimental
results show that FABLE significantly outperforms
all baseline methods in both holistic generation
quality and fine-grained knowledge recall.

"https://github.com/tatsu-lab/stanford_alpaca
Zhttps://llama.meta.com/llama3
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Table 1: Unstructured model editing performance with different models, methods, and datasets. ‘“Pre-edited” denotes

@ 9

the original model before editing; “—
are boldfaced; second-best are underlined.

indicates that the corresponding field is absent from the dataset. Best results

Model‘ Method \ Holistic ‘

Fine-grained

| | Bert-Scoret Rouge-L1 | Bert-Scoref Rouge-L1 HR?T CLcsT
UnFine-UnKE

) Pre-edited | 71.83+0.11  22.694+0.10 | 22.26+0.08 12.81+0.09 5.00+0.10  17.50+0.12
0 FT-L 33294022  13.35+0.12 | 26.10+0.10  15.49+0.11  7.60+0.12  21.83+0.14
] ROME 79.5140.13  40.00+0.23 | 24.7640.09 17.794+0.12  9.53+0.14  24.70+0.15
£ MEMIT 81.78+020  49.64+0.29 | 25.60+0.09 20.54+0.13 12.51+0.16 28.30+0.17
= UnKE 98.2040.06 93.3940.16 27.9340.09 27.154+0.16 20.55+0.20 37.1340.19
= AnyEdit 96.06+0.07 90.3440.15 | 28.61+0.09  29.2240.15 23.6940.20 40.5140.18
FABLE 99.36+0.04  97.7840.10 | 65.63+0.16 53.79+0.19 53.31+0.23 61.78+0.19

[=-] Pre-edited 72.9640.10 23.7440.10 23.7540.09 13.2140.10 3.9340.09 17.7440.11
N FT-L 28.114024  14.1940.10 | 23.344+0.10  14.234+0.10 4.44+0.10 21.3940.12
:2- ROME 78.5340.13  39.1940.18 | 25.59+0.09 18.21+0.12 8.52+0.13  24.26+0.14
= MEMIT 81.44+0.16  49.92+0.24 | 25.3340.09  19.65+0.13 11.13£0.15 26.53+0.16
2 UnKE 96.864+0.07  90.2440.17 | 26.89+0.09 22.47+0.13 12.8640.16 30.1040.16
o AnyEdit 97.0240.07  91.9540.17 | 27.7540.09  25.4740.15 17.6340.17 34.7440.17
FABLE 98.86+0.04 97.35+0.09 50.87+0.16 38.31+0.18 31.35+0.21 44.58+0.18

UnFine-CF

) Pre-edited | 71.42+0.12  15.5340.09 | 26.3740.09 26.56+0.17 20.22+0.19 32.43+0.19
© FT-L 29.714020  10.1940.09 | 30.124+0.10  25.804+0.17 20.2740.19 31.8640.19
] ROME 80.38+0.15  40.33+0.23 | 27.89+0.08 30.40+0.17 24.89+021 38.01+0.19
g MEMIT 83.74+0.18  54.10+0.30 | 28.64+0.08 32.88+0.18 29.25+0.21 41.48+0.20
= UnKE 99.284+0.04  97.0240.12 | 29.2240.08  35.894+0.19 32.644+022 45.6240.20
= AnyEdit 98.1940.05  94.97+0.11 | 30.41+0.08  39.05+0.19 38.9440.22 51.4040.19
FABLE 99.28+0.05 98.35+0.09 71.89+0.13 64.59+0.19 66.62+0.22 73.27+0.18

=) Pre-edited | 70.47+0.12  18.7740.09 | 26.18+0.09 24.12+0.17 16.83+0.18 28.56+0.18
N FT-L 25.354025  14.2140.12 | 28.01+0.10  23.57+0.16 15.454+0.17 29.4140.18
2 ROME 77.564+0.17  40.01+022 | 27.3540.09  28.38+0.17 22.314+0.19 34.3540.19
= MEMIT 81.08+0.16  51.43+0.26 | 27.43+0.08  30.13+0.18 24.36+£020 36.96+0.20
g UnKE 97.2540.07  89.76+0.18 | 26.9740.08  28.26+0.17 21.18+0.19 33.86+0.18
o AnyEdit 97.134£0.07  90.7840.18 | 29.974+0.08  34.594+0.19 32.2740.22 45.3840.20
FABLE 99.23+0.04  97.61+0.09 | 56.23+0.15 45.62+0.20 41.89+0.22 52.22+0.20

UnFine-MQ

P~ Pre-edited | 69.67+0.13  20.60+0.09 | 27.7440.09  30.3540.17 25.88+021 37.71+0.19
% FT-L 22.654+0.18  7.40+0.09 | 28.04+0.10 24.714+0.18 18.1640.19 29.6540.20
] ROME 74.04+0.17  36.10+0.20 | 28.01+0.08 31.37+0.17 27.80+0.20 40.47+0.19
£ MEMIT 78.864+0.19  50.9140.29 | 29.2240.08 34.61+0.18 31.9440.23 44.09+0.21
= UnKE 98.2340.06  95.1840.15 | 30.27+0.09  39.08+0.20 37.364+0.24 49.4640.22
= AnyEdit 97.5340.07 93.77+0.12 | 29.96+0.08 38.42+0.18 36.62+0.22 49.00+0.20
FABLE 98.71+0.07  96.59+0.13 | 66.99+0.14  62.55+0.21 65.86+0.23 71.31+0.20

=) Pre-edited | 69.08+0.12  20.98+0.08 | 28.28+0.09 28.81+0.16 22.94+0.19 34.91+0.18
N FT-L 23.034022  12.5140.10 | 27.2740.09  21.154+0.14 14.2940.16 27.9540.16
3 ROME 75.3940.16  40.2940.19 | 28.66+0.08  31.734+0.17 26.47+021 39.3940.19
= MEMIT 79.4440.16 51.7140.25 28.5440.08 33.1540.18 26.75+0.20 40.8340.19
4 UnKE 94.8840.11  85.3540.21 | 29.31+0.09 34.57+0.18 29.814+021 42.89+0.19
o AnyEdit 96.454+0.07  90.3040.17 | 29.48+0.09  35.66+0.18 31.59+0.22 44.4340.21
FABLE 98.84+0.05 96.98+0.10 53.16+0.15 44.01+0.20 42.13+0.25 51.10+0.22

(1) Holistic unstructured text generation per-
formance is further improved. In terms of the se-
mantic similarity metric Bert-Score and the lexical
overlap metric Rouge-L, FABLE achieves compre-
hensive superiority. Compared to the second-best
baseline AnyEdit, FABLE improves Bert-Score
and Rouge-L by an average of 1.98% and 5.42%,
respectively. Notably, after editing the Llama3-8B
model on the UnFine-UnKE dataset, the improve-
ment in Rouge-L reaches 7.44%.

(2) Fine-grained knowledge recall perfor-
mance is significantly enhanced. On sentence-
level evaluation metrics (Bert-Score and Rouge-
L), FABLE outperforms the second-best baseline

AnyEdit by an average of 31.43% and 17.74%,
respectively. On the fact-level metrics we further
propose (HR and Ci ¢s), the corresponding average
improvements are 20.07% and 14.80%.

These results show that FABLE enhances both
holistic text storage and fine-grained knowledge
recall. Case studies are in Appendix D.5.

4.3 Analysis of the Performance Enhancement

Based on the findings in Section 4.2—that FA-
BLE, compared to baseline methods like UnKE and
AnyEdit, not only improves fine-grained knowl-
edge recall but also further enhances the overall
performance of generating unstructured text—we
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Table 2: The ablation experiment results of Llama3-8B-Instruct on the UnFine-UnKE dataset, where "Layers"
indicates the updated layers of Fgp, "Number" denotes the quantity of fine-grained question-answer pairs injected
in the first stage, "Method" refers to the ablation on the method itself, and "Augmentation" represents the ablation

on data augmentation.

Ablation Dimensions ‘ Configuration ‘

Holistic |

Fine-grained

| | Bert-Score? Rouge-L1 | Bert-Scoret Rouge-LT  HRT Crest
Base ‘ L=4,5,6; N=5 x S ‘ 99.36:004  97.78:0.10 ‘ 65.631006  53.79:+019 53.31:023 61.78:10.19
Ablation on Layers
L=3 99.51x004  98.60+009 | 63.18+016  50.36+0.19 48.33+023 57.83+0.19
L=4 99.70<002  98.79+008 | 65.52+015  52.93x019 52.07+023 61.09+0.19
Lavers L=5 99.68+002  98.78+007 | 64.93:015  52.97=019 51.88+024 60.96+0.19
Y L=6 99.00+005  96.66=+0.12 65.72=+0.15 53.96+0.19  53.67+023 61.90+0.19
L=4,5 99.67+0.03 98.87+0.07 65.92=0.15 53.94:010  53.17+023 62.04x018
L=5,6 99.24:003  96.80+012 | 64381015  52.72:019 51.86+023 60.41+0.19
Ablation on Number
Number N=1x8S 99.65002  98.75+007 | 57.97x016  49.16z019 46.90x023 57.19+0.19
N=10 x S 9711000 92.23+019 | 66.42:015  53.69+x020 53.79x023 61.75x0.19
Ablation on Method
Method w/o Stagel 98.63x00s  94.92+015 | 23.29:008  14.98:r01  7.56+013  20.42+014
w/o Stage2 45.98+0.20 9.13+008 72.00+014  55.36+019 55.04+024 62.47+0.19
Ablation on Augmentation
A tation UnKE+Augmentation 97.17+0.10 92.12+021 68.54=0.15 54.26+020 54.11+023 61.77+0.19
AnyEdit+A tation | 61.57=023 17. 71018 | 61.50x015  44.63:019 41.31x022 51.00:+0.19
10 10 . . . .
figure compares the optimization trajectories of the
08 08
full two-stage method (FABEL) and the method
06 06
£, o e using only stage two (FABEL w/o Stagel), from
o 0 which two key observations can be made:
o s (1) The introduction of stage one significantly
Steps Steps

Llama3-8B-Instruct Qwen2.5-7B-Instruct

Figure 3: Performance comparison during optimization
between FABEL (with Stage 1) and its ablated variant
(without Stage 1) on the UnFine-UnKE. The horizontal
axis shows the number of optimization steps, and the
vertical axis shows the average output probability of the
target unstructured text.

MMLU

MMLU

— Pre-edited
AnyEdit

— Unke

— FABLE

Llama3-8B-Instruct Qwen2.5-7B-Instruct

Figure 4: F1-scores of each task for unstructured editing
methods on different models after editing on the UnFine-
UnKE dataset

delve into the underlying reasons in this section.
In stage two (semantic integration), FABLE op-
timizes the residual vector J; through gradient
descent to search for the optimal target semantic
key k}, thereby maximizing the probability of the
model generating the target unstructured text. To
reveal this process, we take the model edited on
the UnFine-UnKE dataset as an example and plot
the curve of the model’s average output probability
as a function of optimization steps (Figure 3). The

improves the initial probability. As shown in the
figure, FABLE (orange) starts higher than FABLE
w/o Stage One (blue) on both Llama3-8B-Instruct
and Qwen2.5-7B-Instruct. Therefore, higher initial
probability facilitates editing and improves success
(Jiang et al., 2025), explaining the enhanced final
text generation of FABLE.

(2) Stage one effectively reduces the difficulty
of editing and accelerates convergence. The red
dashed line marks a 0.9 probability threshold. FA-
BLE with Stage One reaches it faster—e.g., in ap-
proximately 10 steps on Llama3-8B-Instruct versus
in approximately 15 without Stage One—showing
that prior atomic fact injection simplifies subse-
quent semantic integration.

These results show that FABLE’s hierarchical
key-value architecture and two-stage editing im-
prove both unstructured knowledge modeling and
editing efficiency. Additional datasets are in Ap-
pendix D.1.

4.4 General Capability Evaluation

Unstructured editing methods have demonstrated
promising editing performance in Section 4.2.
However, their impact on the general capabilities
of the models remains unclear. To address this,
we selected several unstructured editing methods
with strong editing performance—UnKE, AnyEdit,
and FABLE—to further examine their effects on
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general capabilities. Previous work (Deng et al.,
2025) employed a relatively narrow evaluation of
the general capabilities of edited models, testing
solely on the MMLU dataset (Hendrycks et al.,
2021). To assess the impact of editing methods on
model general capabilities more comprehensively,
we introduced an additional 5 datasets involving
language understanding and logical reasoning for
a multi-faceted evaluation; specific details are pro-
vided in Appendix C.4.

Taking the models edited on the UnFine-UnKE
dataset as an example, the results of their gen-
eral capability assessment are shown in Figure 4.
The key findings are summarized as follows: (1)
Baseline methods exhibit varying degrees of
degradation in general capabilities: For mod-
els edited using the AnyEdit method, performance
significantly declined across multiple tasks. While
the UnKE method outperformed AnyEdit, it still
showed a noticeable drop in performance on the
Qwen2.5-7B-Instruct model. This indicates that
baseline methods still have shortcomings in pre-
serving the stability of the original knowledge un-
related to the edits. (2) FABLE demonstrates
an outstanding ability to preserve general capa-
bilities: On Llama3-8B-Instruct, FABLE matches
UnKE in maintaining pre-editing performance. On
Qwen2.5-7B-Instruct, although all methods decline
slightly, FABLE best preserves general capabilities.
This shows it updates unstructured knowledge ac-
curately while minimizing interference. Additional
results are in Appendix D.2.

4.5 Ablation Study

Taking the Llama3-8B-Instruct model as an exam-
ple, we conduct editing tasks on the UnFine-UnKE
dataset and perform ablation experiments from mul-
tiple dimensions. The results are shown in Table 2.
Specifically, we analyze the following four aspects:
(1) Layer Selection: Updating the 4th, 5th, and
6th layers in Fgy,e simultaneously achieves the best
trade-off between overall performance and fine-
grained performance, validating the effectiveness
of this combination. (2) Data Volume: The number
of fine-grained question-answer pairs has an opti-
mal value. Insufficient quantity (N=1xS) leads to
inadequate fine-grained performance, while exces-
sive quantity (N=10xS) significantly impairs over-
all performance (Rouge-L drops to 92.23) when
fine-grained metrics saturate. Experiments indicate
that N=5xS is the ideal setting. (3) Method Ne-
cessity: Removing the first stage (w/o Stagel) or

second stage (w/o Stage2) results in declines in
both overall and fine-grained performance, demon-
strating that fine-grained knowledge injection in
the first stage and holistic semantic integration in
the second stage serve as the critical foundation. (4)
Data Augmentation Comparison: To investigate
whether performance improvement is merely due to
data augmentation, we augment baseline methods
with the same fine-grained question-answer pairs.
For UnKE, results show that while fine-grained
metrics improve slightly, overall performance is
significantly impaired (Rouge-L: 92.12), and the
combined performance is lower than that of the
proposed method. Consistent with the UnKE, aug-
menting AnyEdit with our data leads to a decline
in its holistic performance and fails to achieve the
balanced effectiveness exhibited by FABLE. This
indicates that performance gains primarily stem
from the FABLE method itself, rather than simple
data augmentation.

5 Related Work

Model editing has become a rapidly growing re-
search area, as it enables LLMs to update internal
knowledge without full retraining (Cao et al., 2021;
Mitchell et al., 2022a; Tan et al., 2024; Zhang et al.,
2024; Mitchell et al., 2022b; Dong et al., 2022;
Huang et al., 2023; Hartvigsen et al., 2023; Yu
et al., 2024; Wang et al., 2024; Gu et al., 2024; Ma
et al., 2025; Fang et al., 2025; Wang et al., 2025a).
Locate-then-edit is a dominant paradigm, enabling
precise updates to parameters associated with triple-
based knowledge. Representative methods include
KN (Dai et al., 2022), ROME (Meng et al., 2022),
and MEMIT (Meng et al., 2023). Recent efforts
extend editing to unstructured knowledge, evalu-
ated on benchmarks like AKEW (Wu et al., 2024)
and UnKEBench (Deng et al., 2025). Methods
such as UnKE (Deng et al., 2025), AnyEdit (Jiang
et al., 2025), and pKE (Su et al., 2025) adapt
locate-then-edit for noisy or lengthy content, while
DEM (Huang et al., 2024) focuses on efficient pa-
rameter localization.

6 Conclusion

In this paper, we address the limitation that exist-
ing unstructured model editing methods focus on
holistic text recall but lack reliable fine-grained fact
access. We propose FABLE, a hierarchical frame-
work that first anchors fine-grained facts in shallow
layers and then updates deeper layers for coherent
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surface-form generation. We also introduce UnFine
for evaluating fine-grained fact recall. Experiments
demonstrate that FABLE improves factual accuracy
while maintaining overall text quality.

Statements

LLM Usage. LLMs were used only for sentence
polishing and grammar correction, not for content
creation or scientific claims.

Ethics statements. All code and datasets used in
this work are publicly available. While LLMs offer
substantial benefits, they can be misused to gener-
ate harmful content, misinformation, or offensive
material. Our research on unstructured knowledge
editing is conducted ethically and solely for scien-
tific purposes, aiming to improve LLM reliability,
interpretability, and factual accuracy. The meth-
ods are not intended for malicious use or privacy
violations, and we strongly encourage rigorous val-
idation and oversight to ensure responsible applica-
tion.

Limitation

While our method significantly enhances fine-
grained fact recall while maintaining state-of-the-
art holistic editing performance, we observe a slight
degradation in the generalization of surface-form
construction. This may stem from the constrained
preservation of fine-grained knowledge in Stage
Two, highlighting an inherent trade-off between
achieving coherent holistic generation and ensur-
ing precise fine-grained fact access. Future work
will explore strategies to further balance holistic
fluency and fine-grained factual accuracy.

The present experiments and evaluations are
conducted exclusively under a single-edit scenario
(batch size = 1). While this setup suffices to demon-
strate the feasibility of unstructured-knowledge up-
dates, it omits the more realistic and challenging
regimes of batched and sequential editing. Specif-
ically, two limitations are evident: (1) the study
does not address batch editing, where multiple inde-
pendent knowledge-update requests are processed
simultaneously—a common real-world situation
that heightens the risk of internal knowledge con-
flicts and parameter interference; and (2) it does
not examine sequential editing, in which the model
undergoes a series of potentially interrelated up-
dates over time, demanding long-term consistency
and robust mitigation of catastrophic forgetting.

Future work should extend along both of these di-
mensions.
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A Benchmark

A.1 Datasets Construction

Generation of Fine-Grained QA Pairs We em-
ploy the GPT-4o(Hurst et al., 2024) model to
generate five corresponding fine-grained question-
answer (QA) pairs for each target output A in
AKEW (CounterFact) and AKEW (MQuAKE).
The generation process adheres to the following
principles:

* Diverse Perspectives: Questions are formu-
lated from different angles using varied inter-
rogatives (e.g., what, when, how) to ensure
coverage of distinct aspects of the target out-
put, with non-repetitive answer content.
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 Entity Consistency: All entities mentioned in
the answers must originate from the original
target output A.

* Length Control: Each answer is constrained
to a maximum of 15 tokens.

* Clarity of Expression: Both questions and
answers must be concise, grammatically cor-
rect, and avoid meta-references to the text’s
own structure.

To ensure quality, we verify via string matching
that all answer content is derived from the target
output A. The specific prompt template is provided
in Table 3.

Key Knowledge Phrase Extraction For each
dataset, we similarly utilize GPT-40 in a few-shot
manner, instructing the model to perform the fol-
lowing operations for each answer:

* Atomize: Decompose the answer into its min-
imal factual units.

¢ Concise: Remove modifiers, fillers, and re-
dundant connecting words.

 Stay-source: Ensure the extracted phrases are
strictly sub-sequences of the original answer
text.

* Split: If an answer contains multiple indepen-
dent facts, split them into separate, parallel
phrases.

* Objectify: Retain only objective factual state-
ments, filtering out subjective or evaluative
language.

The extraction results are also validated via string
matching against the original answers to ensure
faithfulness. The corresponding prompt template
is shown in Table 4.

A.2 Evaluation Metrics

The evaluation in this study employs the following
primary metrics:

Lexical Similarity. We use ROUGE-L to mea-
sure the n-gram overlap between the model-
generated text and the target answer. This metric
assesses the surface-level accuracy of the generated
content.

Semantic Similarity. To complement the limita-
tions of lexical metrics, we compute the semantic
similarity Bert-Score using the all-MiniLM-L6-v2
encoder. This evaluates whether the model has gen-
uinely understood the textual meaning rather than
merely repeating surface-level patterns.

Hit Rate (HR). This metric measures the
model’s ability to accurately recall key knowl-
edge. Formally, for a fine-grained gold answer
Afme et the set of extracted key phrases be
KP = {kpi,kpa,...,kpn}, and the model out-
put be O/, An indicator function I(kp;, O) is
defined for each key phrase:

I(kp:. O) = {1, if kp; i? a substring of Of™m¢,
0, otherwise.
(1D
The Hit Rate is then the average of these indica-
tors over all key phrases:

1 :
HR = —Y I(kp;, OT). (12)

- Zl ( )
Longest Common Subsequence Coverage
(CLcs).- This metric quantifies the completeness
of the model output in covering the content of
the answer. Let the fine-grained gold answer
AJime be tokenized into a word sequence A€ =
[a{me,agme,...,aéme] and the model output
Ofine into Ofine — [ofine ofine | pfine]
Denoting the length (in words) of the longest
common subsequence between A/™¢ and O17¢ as
LCS(ATme Ofine), the coverage Cycs is defined
as:

Lcs(Afine’ Ofine)

n

CrLcs = (13)

where n is the total number of words in Af™€,
The LCS length is computed using a standard dy-
namic programming algorithm. Let LCS(4, j) rep-
resent the length of the LCS between the prefixes
Afire[1 . 4] and Of™e[1 : j]. Let LCS(4,0) = 0
and LCS(0,j) = 0, For Vi,j > 0, If /™ =
0l LCS(i,j) = LCS(i — 1,j — 1) + 1, else
LCS(i, j) = max{LCS(i — 1, j), LCS(i,j — 1) }.
Finally, LCS(Af¢ Ofin¢) = LCS(n, ).

B Multi-Aspect Fine-Grained Knowledge
Extraction for Unstructured Text

In target unstructured texts, there often exist var-
ious types of fine-grained knowledge. To ex-
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Table 3: Prompt Template for Generating Fine-Grained QA Pairs

Prompt Template for Generating Fine-Grained QA Pairs

You are asked to generate some short question-answer pairs based on the specified <Text>. These question-answer pairs mainly ask
questions about the knowledge entities in the <Text>, and the answers should be the knowledge entities being asked.

Rules:

- Diversify Perspectives: Formulate questions from multiple angles to minimize overlapping answers. Use diverse question words (What,
When, Where, Why, How, etc.); avoid "Who" or "Whose". Avoid yes/no questions unless they are highly informative.
- Entity Inclusion: Ensure all entities mentioned in the answers are present in the <Text>.

- Length Constraint: Each answer must not exceed 15 tokens.

- Fluency and Clarity: Ensure that both questions and answers are clear, grammatical, and concise. Do not include meta-phrases such as

 , (TS

“in the sentence”, “according to the sentence”, “mentioned in the text”, etc. inside the questions themselves; the question must read as if it

were asked in real life, not about the text.

- The <Output> formats the pairs as a JSON object with "questions" and "answers" lists.

{
"questions": []
"answers": []

}

Now generate 5 question-answer pairs for the following <Text>.
<Text>: {text}
<Output>:

tract this knowledge as comprehensively and non-
overlap as possible from different perspectives, we
designed the following pipeline:

First, the target text is segmented into several
sub-sentences using the NLTK toolkit.

Next, a word-count threshold is set to filter out
sub-sentences shorter than the threshold, thereby
reducing noise caused by insufficient information.

Then, for each retained sub-sentence, multiple
high-quality natural-language questions are gen-
erated from various angles based on GPT-4o (de-
tails of the templates are shown in Table 5). The
question generation follows these principles: (1)
Answerability: the question should be directly an-
swerable based on the sub-sentence, with the an-
swer either explicitly stated or reasonably inferable
from it; (2) Clarity: the question must be grammat-
ically correct, clearly expressed, highly consistent
with the sub-sentence content, and unambiguous;
(3) Non-binary: yes/no questions are avoided un-
less their answers carry high informational value,
and open-ended interrogatives are encouraged; (4)
Diversity: varied interrogative words are used to
prevent repetitive questioning patterns.

Subsequently, for each generated question, GPT-
4o is called once more to produce a corresponding
answer based on the target text, forming an initial
question-answer pair. The question-answer pairs
corresponding to one sub-sentence constitute a clus-
ter. We first filter out those pairs whose answers are
primarily derived from that sub-sentence, and then
perform merging and deduplication: if the answer
of one pair completely contains the content of an-

other answer, they are regarded as more complete
expressions of the same questioning perspective;
the former is retained and the latter is removed. Af-
ter this step, each sub-sentence ultimately retains a
set of the most diverse and information-complete
fine-grained question-answer pairs.

Finally, to increase the number of retained ques-
tions, each kept question is used as a seed question,
and GPT-4o is employed to generate multiple se-
mantically similar, fine-grained questions that point
to the same answer, thereby further expanding the
set of fine-grained knowledge questions.

C Experimental Setup
C.1 Baseline Methods

Here, we outline the baseline knowledge editing
methods employed for comparison in this study:

FT-L. The FT-L method adjusts designated lay-
ers of the LLM via autoregressive loss minimiza-
tion to incorporate new knowledge.

ROME. ROME is a model editing technique that
localizes and updates factual associations in autore-
gressive transformers by identifying critical mid-
layer MLP modules as key-value memories. It com-
putes a subject-specific key from hidden states and
optimizes a value vector to represent new knowl-
edge, then applies a rank-one weight update to the
MLP projections, effectively inserting facts while
maintaining generalization and specificity.

MEMIT. MEMIT, building upon ROME, is a
scalable multi-layer editing algorithm. It efficiently
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Table 4: Prompt Template for Key Knowledge Phrase Extraction

Prompt Template for Key Knowledge Phrase Extraction

You are an assistant designed to extract minimal factual answers from any given <Answer>.

Rules:

- Break down the <Answer> into the smallest possible factual units. Each unit should represent a standalone piece of information.
- Remove any stylistic flourishes, adjectives, adverbs, or unnecessary connectors (e.g., "over" in "over a decade" is retained only if it’s

part of the factual unit, as shown in the example).

- All tokens of the extracted answer must strictly reside within the <Answer>.
- If the <Answer> contains multiple distinct facts separated by conjunctions like "and" or commas, split them into separate items in the

list.

- Focus solely on factual content; ignore any subjective or embellished language.

Example:

<Question>: How long has George Rankin been involved in politics?

<Answer>: Over a decade.
<Output>:
{

"answers": ["over a decade"]

}

<Question>: What positions has George Rankin held in politics?
<Answer>: City council member and state representative.
<Output>:

{

"answers": ["city council member", "state representative"]

}

<Question>: Where is George Rankin frequently quoted?
<Answer>: Local and national news outlets.

<Output>:

{

"answers": ["local news outlets", "national news outlets"]

}

<Question>: What did John Mayne discuss in his interview with The Huffington Post?
<Answer>: His passion for journalism and his commitment to reporting on important issues.

<Output>:

{

non

"answers": ["passion for journalism", "commitment to reporting on important issues"]

}

Now generate the minimal factual answers for the following input.

<Question>: {question}
<Answer>: {answer}
<Output>:

integrates large-scale factual updates into LLMs by
computing explicit parameter adjustments, thereby
modifying memories while preserving the model’s
overall integrity.

AnyEdit. AnyEdit is an autoregressive editing
paradigm designed to overcome the limitations
of single-token editing methods in large language
models. It breaks down long-form knowledge into
sequential chunks and iteratively edits the key to-
ken in each chunk, leveraging the Chain Rule of
Mutual Information to ensure consistent and accu-
rate generation of diverse formats.

UnKE. UnKE is a method designed to edit un-
structured knowledge in large language models by
extending previous approaches in two key dimen-

sions: it replaces local layer key-value storage with
non-local block key-value storage to better repre-
sent distributed knowledge across layers, and em-
ploys cause-driven optimization that edits the last
token directly to preserve context without need-
ing term localization, thereby handling complex,
long-form unstructured data effectively.

C.2 Implementation Details

All experiments were conducted on a single
NVIDIA A100 (80 GB) GPU. To control variables
and ensure a fair comparison, all methods in this
study were implemented based on the widely-used
model editing toolkit EasyEdit(Wang et al., 2023),
with its default optimal hyperparameters adopted.
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Table 5: Prompt Template for Multi-Aspect Fine-Grained Knowledge Extraction

Prompt Template for Multi-Aspect Fine-Grained Knowledge Extraction

You are a question generation expert. Your task is to generate **non-overlapping** natural language questions based on the given
sentence.

Rules:

- Each question must be answerable directly using only the information in the sentence. The answer to each question must appear in the
sentence (verbatim or semantically contained)

- The question should be clear, grammatical, and relevant.

- Avoid yes/no questions unless they are highly informative.

- Use diverse question words (What, When, Where, Why, How, etc.); avoid "Who" or "Whose".

- Avoid pronouns; use specific names, places, etc.

- Do not include meta-phrases such as “in the sentence”, “according to the sentence”, “mentioned in the text”, etc. inside the questions
themselves; the question must read as if it were asked in real life, not about the text.

- Do not repeat the same information in two different questions; ensure every answer is mutually exclusive in content.

Example:

Paragraph: "Marie Curie discovered radium in 1898 with her husband Pierre Curie. This breakthrough came after years of painstaking
work in a leaky, unheated shed, where the Curies processed tons of pitchblende residue to isolate minute quantities of the glowing new
element. Marie herself coined the name "radium" from the Latin word for "ray", captivated by its mysterious, persistent luminescence.

Sentence: "Marie Curie discovered radium in 1898 with her husband Pierre Curie."

Output:
{

"questions": ["Who discovered radium in 1898?", "What element did Marie Curie discover?", "When did Marie Curie and Pierre Curie

discover radium?"]

}

Now generate questions for the following sentence (no fixed count; stop when angles are exhausted):

Paragraph: {paragraph}
Sentence: "{sentence}"
Output:

C.3 Time Cost

Table 6 further compares the editing efficiency
of different methods. It can be observed that
while FT-L is the fastest, it sacrifices editing ef-
fectiveness (see Table 1), revealing an inherent ef-
ficiency—effectiveness trade-off in this task. The
relatively higher time cost of FABLE is a direct
consequence of its design objective: to achieve
more reliable unstructured knowledge editing with
minimal side effects, the method employs a refined
multi-step optimization process. Although this de-
sign increases the per-edit computational cost, it
yields significant advantages in terms of editing
performance and the preservation of general capa-
bilities. Improving time efficiency will be a clear
direction for future optimization.

C.4 Details of General Capability Evaluation
Datasets

To assess the impact of knowledge editing on
the model’s general capabilities, we selected five
datasets covering different linguistic understand-
ing and reasoning tasks. For each editing sample,
we uniformly sampled 5 data instances per task
category (25 instances in total) to form an evalua-
tion subset, and used the F1-score to measure the

Table 6: Time cost of different methods across various models
and datasets.

Model | Method | UnFine-UnKE(/s) UnFine-CF(/s) UnFine-MQ(/s)

o FT.L 3.76 3.44 3.55
% | ROME 7.74 15.02 16.78
<, | MEMIT 54.50 46.43 39.28
g UnKE 33.79 29.84 30.54
= | AnyEdit 20.99 15.55 15.94
3 | FABLE 356.71 340.18 329.63
o FT-L 2.90 2.74 273

= ROME 7244 60.37 61.53
v, | MEMIT 54.95 45.96 4678
o UnKE 3325 32.04 31.65
5 | AnyEdit 22.83 21.64 2173
2 | FABLE 330.04 322.12 309.77

model’s post-editing performance. Each dataset is
described in detail below:

CoLA. CoLA (Warstadt et al., 2019) evaluates
grammatical acceptability via binary classification
of single-sentence judgments.

MMLU. MMLU (Hendrycks et al., 2021) mea-
sures multi-task accuracy across diverse domains,
focusing specifically on zero-shot and few-shot
learning scenarios in text models.

NLI. NLI (Williams et al., 2018) assesses lan-
guage understanding by requiring models to iden-
tify logical relationships—such as entailment, con-
tradiction, or neutrality—between pairs of sen-
tences.
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Figure 5: Performance comparison during optimization
between FABEL (with Stage 1) and its ablated variant
(without Stage 1) on the UnFine-UnKE. The horizontal
axis shows the number of optimization steps, and the
vertical axis shows the average output probability of the
target unstructured text.

—— FABEL w/o Stage 1
FABEL
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Llama3-8B-Instruct Qwen2.5-7B-Instruct

Figure 6: Performance comparison during optimization
between FABEL (with Stage 1) and its ablated variant
(without Stage 1) on the UnFine-UnKE. The horizontal
axis shows the number of optimization steps, and the
vertical axis shows the average output probability of the
target unstructured text.

MRPC. MRPC (Dolan and Brockett, 2005) eval-
uates semantic equivalence detection, where mod-
els determine whether two sentences convey the
same meaning.

RTE. RTE (Bentivogli et al., 2009) examines
whether a premise sentence logically supports a
given hypothesis.

D More Experimental Results

D.1 More Analysis of the Performance
Enhancement Results

Figure 5 and Figure 6 illustrate the optimization
process of the proposed method on the UnFine-CF
and UnFine-MQ datasets, respectively. As shown
in the figures, the complete method with stage one
(injection of atomic facts), i.e., FABLE, demon-
strates both higher initial probability and faster
convergence rate across the two different scenarios,
consistent with the observations on the UnFine-
UnKE dataset. This further validates the effective-
ness and robustness of FABLE across diverse tasks
and settings, highlighting its strong generalizabil-

1ty.

MMLU

MMLU

RPC

— Pre-edited
AnyEdit

—— UnKE

—— FABLE

Llama3-8B-Instruct Qwen2.5-7B-Instruct

Figure 7: F1-scores of each task for unstructured editing
methods on different models after editing on the UnFine-
CF dataset

MMLU MMLU

— Pre-edited
AnyEdit

— UnKE

—— FABLE

Llama3-8B-Instruct

Qwen2.5-7B-Instruct

Figure 8: Fl-scores of each task for unstructured editing
methods on different models after editing on the UnFine-
MQ dataset

D.2 More General Capability Evaluation
Results

To further evaluate the performance of editing meth-
ods under the influence of different editing datasets,
we additionally present the general capabilities of
models after editing on the UnFine-CF and UnFine-
MQ datasets, with the results shown in Figure 7 and
Figure 8, respectively. Overall, FABLE still demon-
strates relatively more stable retention of general
capabilities across the evaluated tasks. However, its
specific performance is influenced by factors such
as model architectures and types of editing datasets,
leading to variations under different experimental
settings.

D.3 Conflicting Unstructured Knowledge
Updates

The "conflicting unstructured knowledge updates”
means the model must learn two different descrip-
tions about the same subject simultaneously—is
indeed a crucial test for evaluating the robustness
and practicality of an editing method. We have
given this serious consideration and conducted pre-
liminary explorations. We manually constructed a
small-scale Conflicting Editing DataSet (100 sam-
ples) based on the existing UnFine-UnKE dataset.
Each sample contains two different unstructured
descriptions about the same subject, simulating
real-world knowledge conflicts. We conducted ex-
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periments using the Llama3-8B-Instruct model and
the FABLE method. The preliminary results are
shown in the Table 7.

The experimental results show that in the con-
flicting scenario, all performance metrics of FA-
BLE experience a slight decline compared to the
standard non-conflicting scenario. This is expected,
indicating that contradictory knowledge indeed
poses an additional challenge to the model’s pa-
rameter updates and knowledge retention. How-
ever, it is noteworthy that the magnitude of the
performance drop is relatively limited. Even under
the conflicting setting, FABLE maintains strong
capabilities in both holistic text generation (Rouge-
L: 93.04) and fine-grained fact recall (HR: 49.62).
This preliminary finding suggests that the hierarchi-
cal fact-anchoring strategy employed by FABLE
provides a certain buffer against the conflicts aris-
ing from direct parameter overwriting, demonstrat-
ing potential robustness when facing contradictory
knowledge updates.

D.4 Representation Comparison

In unstructured editing methods (e.g., UnKE,
AnyEdit), the standard optimization target is typi-
cally the hidden state of the last token of the com-
plete input sequence, not a specific token represent-
ing the "subject word" within the fact. This has
become an empirical setup adopted by many works
in this field. As an advancement within the un-
structured editing framework, our method follows
this setup in its first stage. This aims to maintain
comparability with baseline methods while explor-
ing a superior hierarchical decoupling design. We
acknowledge that in earlier structured editing ap-
proaches, the last token of the subject word (not
the last token of the sequence) is often used as
the clean fact representation. While we recognize
this might lead to contextual mixing, it also makes
the representation more suitable for the subsequent
unstructured text generation objective.

In order to empirically evaluate the advantages
and disadvantages of using the "last sequence to-
ken" versus the "last subject word token" as the
fact representation, the experimental results are pre-
sented as Table 8. The experiments above take edit-
ing the Llama3-8B-Instruct model on the UnFine-
UnKE dataset as an example.

The experimental results indicate that all metrics
for FABLE (Last Subject Word Token) are lower

than those of our proposed FABLE (Last Token).
The reasons may lie in the following: (1) Advan-
tage in Holistic Metrics: In unstructured editing
tasks, using the Last Token is more advantageous.
Employing the Last Token in Stage 1 can incorpo-
rate richer contextual information, thereby better
facilitating semantic integration in Stage 2; (2) Ad-
vantage in Fine-grained Metrics: When multiple
fine-grained facts share the same Last Subject Word
Token, it may trigger representational competition
or conflict. The design using the Last Token helps
mitigate this issue. This experiment is designed to
clearly reveal the impact of different representation
choices on the final editing effectiveness, thereby
strengthening the persuasiveness of our design de-
cision.

D.5 Case Study

We present generation examples of the Llama3-
8B-Instruct and Qwen2.5-7B-Instruct models af-
ter being edited by different methods, as shown
in Table 9 and Table 10. Here, <Holistic> repre-
sents the model’s generation result when the editing
prompt is used as input, while <Fine-grained> rep-
resents the result for a fine-grained question. The
text highlighted in red corresponds to the ground
truth answer for that fine-grained question (which
is contained within the Unstructured Target Out-
put). Through comparative analysis, the following
conclusions can be drawn:

(1) Structured editing methods show limited
performance in both holistic and fine-grained
generation. Methods represented by ROME and
MEMIT fail to effectively store the unstructured
target output into the model parameters, leading to
factual hallucinations during generation.

(2) Unstructured editing methods achieve
good holistic generation but suffer from insuf-
ficient fine-grained knowledge recall. Methods
represented by UnKE and AnyEdit, while capable
of storing and reproducing the holistic target out-
put reasonably well, perform poorly in recalling
the internal fine-grained knowledge.

(3) FABLE demonstrates excellent perfor-
mance in both holistic and fine-grained gener-
ation. Our method not only accurately stores the
unstructured target output but also effectively re-
calls the fine-grained knowledge contained within
it, achieving stable and reliable performance in
both types of generation tasks.
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Table 7: The experiment results of Llama3-8B-Instruct on the UnFine-UnKE dataset and Conflicting Editing
DataSet.

Mehtod | Holistic | Fine-grained
| Bert-Score? Rouge-L? | Bert-Score? Rouge-Lt  HRT Crest

FABLE (Non-conflicting) | 99.36+004  97.78+0.10 | 65.6320.06  53.79+019 53.311023 61.78+0.19
FABLE (Conflicting) 98.91+0.03 93.04+0.15 60.33+000  50.48+0.11  49.62+0.14 56.39+0.08

Table 8: The representation comparison results of Llama3-8B-Instruct on the UnFine-UnKE dataset.

Mehtod | Holistic | Fine-grained
| Bert-Score? Rouge-L? | Bert-Score? Rouge-Lt  HRT Crest
FABLE (Last Token) 99.36+0.04 97.78+0.10 65.63+0.16 53.79+019 53.31:023 61.78x0.19

FABLE (Last Subject Word Token) | 98.49-0.06 94.82+0.16 584441016  43.33+020 42.431023 51.67+020

Table 9: Model Editing Case Study on Llama3-8B-Instruct

Model Editing Case Study on LLAMA3

What are Kathy Saltzman’s notable achievements in the field of
Editing Prompt composition and what makes her a leading figure in contempo-
rary classical music?

Kathy Saltzman is a highly accomplished composer ...... some
of the most prestigious musical groups in the world, including
the New York Philharmonic and the London Symphony
Orchestra. ...... in contemporary classical music.

Unstructured Target Output

Which renowned musical groups have performed Kathy Saltz-

Fine-grained Question
& Q man’s work?

Generation Output

<Holistic>: and Saltzman is a composer and composer-in-
FT.L residence . ..... companies and orchestras, including
<Fine-grained>: and Saltzman is a composer and composer,

and the work of the composer ......

<Holistic>: Kathy Saltzman is not a well-known composer, and
a...... assist you with that as well.

<Fine-grained>: I apologize, but I couldn’t find any information
on a renowned musical group performing ......

ROME

<Holistic>: Kathy Saltzman is a renowned composer and has
written ........ numerous awards and accolades.

MEMIT : q - .
<Fine-grained>: Kathy Saltzman is a composer and songwriter

who has worked with a variety of musical ......

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-
phony Orchestra. ...... in contemporary classical music.
<Fine-grained>: To answer your question, Kathy Saltzman is a
talented musician .......

UnKE

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-
phony Orchestra. ...... dedicated advocate for the arts, and
<Fine-grained>: Kathy Saltzman is a talented musician, and
her work has been performed ......

AnyEdit

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-

FABLE phony Orchestra. ...... in contemporary classical music.
<Fine-grained>: Some of the most prestigious musical groups
in the world, including the New York Philharmonic and the
London Symphony Orchestra.
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Table 10: Model Editing Case Study on Qwen2.5-7B-Instruct

Model Editing Case Study on LLAMA3

Editing Prompt

What are Kathy Saltzman’s notable achievements in the field of
composition and what makes her a leading figure in contempo-
rary classical music?

Unstructured Target Output

Kathy Saltzman is a highly accomplished composer ...... some
of the most prestigious musical groups in the world, including
the New York Philharmonic and the London Symphony
Orchestra. ...... in contemporary classical music.

Fine-grained Question

Which renowned musical groups have performed Kathy Saltz-
man’s work?

Generation Output

FT-L

<Holistic>: zman. It is highly likely that there is a name or a
musical ....... the work of the New Philhar

<Fine-grained>: zman and her work. After a more in-depth and
widely recognized music and ......

ROME

<Holistic>: Kathy Saltzman is a highly accomplished composer,
having ...... talent and dedication as a composer.
<Fine-grained>: I do not have specific information about which
musical groups have performed Kathy Saltzman’s work. ......

MEMIT

<Holistic>: Kathy is a highly accomplished composer, having
written ........ influence composers around the world.
<Fine-grained>:  ...... including the New York
Philharmonic, the London Symphony Orchestra......

UnKE

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-
phony Orchestra. ...... in contemporary classical music.
<Fine-grained>: ...... including the Los Angeles Philharmonic
and the Boston Pops Orchestra ......

AnyEdit

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-
phony Orchestra. ...... dedicated advocate for the arts, and
<Fine-grained>: Kathy Saltzman is a highly talented composer,
having written numerous pieces . .....

FABLE

<Holistic>: Kathy Saltzman is a highly accomplished composer
...... some of the most prestigious musical groups in the world,
including the New York Philharmonic and the London Sym-
phony Orchestra. ...... in contemporary classical music.
<Fine-grained>: The New York Philharmonic and the Los
Angeles Philharmonic.
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