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An information-theoretic framework for
robust large language model editing

Check for updates

Qizhou Chen1,2, Chengyu Wang2, Taolin Zhang3 & Xiaofeng He1

Large LanguageModels (LLMs) havebecome indispensable tools in science, technology, and society,
enabling transformative advances across diverse fields. However, errors or outdated information
within these models can undermine their accuracy and restrict their safe deployment. Developing
efficient strategies for updatingmodel knowledgewithout the expense and disruption of full retraining
remains a critical challenge. Current model editing techniques frequently struggle to generalize
corrections beyond narrow domains, leading to unintended consequences and limiting their practical
impact. Here, we introduce a novel framework for editing LLMs, grounded in information bottleneck
theory. This approach precisely compresses and isolates the essential information required for
generalizable knowledge correction while minimizing disruption to unrelated model behaviors.
Building upon this foundation, we present the Information Bottleneck Knowledge Editor (IBKE), which
leverages compact latent representations to guide gradient-based updates, enabling robust and
broadly applicablemodel editing. We validate IBKE’s effectiveness acrossmultiple LLM architectures
and standard benchmark tasks, demonstrating state-of-the-art accuracy, as well as improved
generality and specificity of edits. These findings establish a theoretically principled and practical
paradigm for open-domain knowledge editing, advancing the utility and trustworthiness of LLMs in
real-world applications.

Large language models (LLMs)1–3 have revolutionized artificial intelligence,
rapidly transforming fields such as finance4–6, medicine7–10, and
education11–13. Their remarkable ability to process and generate human-like
text has made them indispensable across a wide range of applications.
However, as LLMs are increasingly employed in complex, dynamic envir-
onments, inherited outdated or erroneous information from training data
presents significant challenges14–16, particularly in high-risk and knowledge-
intensive sectors. Efficiently updating the internal knowledge of LLMs
without complete retraining has therefore become a crucial research
priority. Model editing techniques make it possible to introduce targeted
corrections, enabling models to integrate new knowledge or rectify errors
while reducing computational demands and mitigating the risk of cata-
strophic forgetting17,18.

Recent investigations into the explainability of knowledge localization
within transformermodels have spurred significant advances in knowledge
editing19–21. Contemporary approaches typically focus on identifying and
directly modifying localized, knowledge-sensitive regions in the network, a
process termed “locate-then-edit” (L&E)21–24. Alternatively,methods such as
transformer patching25 bypass localization by optimizing a new neuron for
each edit. Despite their promise, both paradigms face notable limitations:
optimizing a single pieceof knowledge canoften result inoverfitting, leading

to updates that are highly confident yet narrow and that may fail to gen-
eralize to related queries or concepts26. As a consequence, performance on
complex questions, especially those requiring multi-step reasoning or the
handling of diverse inputs, is compromised27,28. As illustrated in Fig. 1,
reliance on a single edit prior restricts the domain of edit generalization,
making it narrow and difficult to control.

Recent work has sought to enhance the edit prior by incorporating
hypernetworks with edit training17,29–32. Meanwhile, datasets27,28 have been
developed tobroaden the scopeof edit domains and increasediversity in edit
generalization.Nonetheless, overfitting continues topose a challenge:model
editors often excel on familiar data but struggle with out-of-domain
knowledge, limiting their practical utility. As shown in Fig. 1, edit training-
based methods typically perform well in Domain A, where the prior is
dominant, but their performance diminishes in Domain B.

To overcome these challenges, we propose amodel editing framework
grounded in the information bottleneck (IB) principle33–35. By constraining
the flow of information during knowledge updates, the IB approach enables
editors to extract and preserve features most relevant for generalization
while omitting redundant or irrelevant details. Conceptually, our method
formulates model editing as a two-stage process: first, the edit request is
transformed into a latent representation capturing the essential
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information; second, this representation guides a targeted intervention. The
intervention may take various forms, such as parameter adaptation or the
integration of auxiliary modules to steer model responses. Our framework
enforces three principles: minimizing transferred information to encourage
compression, ensuring sufficiency for generalization so that edits propagate
appropriately, andmaintaining independence fromunrelated knowledge to
preserve locality. Together, these constraints promote concise and impactful
updates that generalize well beyond a single corrected instance. As depicted
in Fig. 1, applying the IB principle significantly expands the domain of edit
generalization, even when the editing prior remains fixed.

Building on these theoretical foundations, we present the Information
Bottleneck Knowledge Editor (IBKE). In its first stage, IBKE leverages first-
order gradients with respect to the edit request17,32, distilling these signals
into a compact latent space that forms the information bottleneck. In the
second stage, the resulting edit representation is used to calibrate gradients
and rescale update strengths across different tokens. These enhanced gra-
dients are then applied to update the model weights. Through edit training,
IBKE incorporates training priors into the original gradients, thereby
extending the domain of edit generalization beyond specific instances.

We validate the effectiveness of IBKE in extensive experiments across
four knowledge editing datasets: ZSRE36, CounterFact21, MQuAKE27, and
UniEdit28. These evaluations span multiple large language model archi-
tectures, includingGPT2-XL (1.5B), GPT-J (6B),Qwen3-1.5B, andQwen3-
8B. Our results show substantial improvements over existing methods,
positioning IBKE as a robust and generalizable solution for open-domain
model editing.

The remainder of this paper is organizedas follows. TheResults section
first presents the empirical performance of IBKE across multiple datasets
and analyzes its behavior under different settings. The Discussion section
summarizes the main findings and discusses the limitations of this work as
well as potential directions for future research. Finally, the Methods section
provides the formal definition of the IB-based editing framework and the
model architecture.

Results
Experimental Settings
For LLM backbones, we evaluated language model backbones with varying
sizes and architectures, including GPT2-XL (1.5B) (https://huggingface.co/
openai-community/gpt2-xl), GPT-J (6B) (https://huggingface.co/
EleutherAI/gpt-j-6b), Qwen3-1.7B (https://huggingface.co/Qwen/Qwen3-
1.7B), and Qwen3-8B (https://huggingface.co/Qwen/Qwen3-8B). All
experiments employed full-precision (FP32) for GPT2-XL and Qwen3-
1.7B, and half-precision (FP16) for GPT-J and Qwen3-8B.

For baseline editors,we categorizedmethods into twoprincipal groups:
Direct Editing (DE) and Edit Training (ET). Representative editors from
both categories were selected to ensure coverage of diverse paradigms. DE
methods include those that directly modify the model parameters, such as
ROME21, and AlphaEdit24, as well as techniques employing external para-
meters ormodules, including T-Patcher25, LEMoE37, andGRACE38. The ET
category includes MEND17, which utilizes a multilayer perceptron (MLP)-
based hypernetwork to adjust model parameters, and SERAC30, which
incorporates a lightweight counterfactual model to generate edit-related
responses. In addition, we include Fine-Tuning (FT)14 as an additional
baseline. Baseline hyperparameters were set in accordance with those
reported in39.

For the IBKE settings, building on prior research in knowledge loca-
lization, attributionanalysis, and relatedediting techniques21,22,39,we selected
the output linear layer matrices from the feed-forward networks (FFNs)
within editing-sensitive layers of each backbone model as the edit weights,
denoted fWigni¼1. Specifically, we applied edits to layers 15, 16, and 17 in
GPT2-XL; layers 6, 7, and 8 in GPT-J; and layers 18, 19, and 20 in both
Qwen3 variants. Consistent with the approach described in17, we set the
dimension of the hypernetwork module to dm = 1920. Based on hyper-
parameter searching, the sequence length parameter was set to lm = 10, and
the IB regularization coefficient to β = 0.1. For edit training, we used a
learning rate of 1 × 10−4 and a maximum batch size of 8, with batch size
adjusted dynamically according to the interactions among edit samples.

Fig. 1 | Comparison of two model editing paradigms with IBKE. Direct Editing
(DE) is based solely on the edit sample as its prior, while Edit Training (ET) leverages
richer priors; when combinedwith the IB, ET achieves improved generalization. The
bar chart presents the top three prediction probabilities of the model after editing
(using “E1'', “E2'', and “E3'') for each corresponding sample. Results for the three
editing paradigms are shown as follows: ROME (forDE), IBKEwithout IB, and IBKE

with IB, all implemented using the Qwen3-1.7B backbone model. For illustration,
Medicine (Domain A) and Chemistry (Domain B) are featured as example edit
domains, with training performed on the Medicine domain. An effective model
editor should correct the model’s responses to generalization (Gen.) samples while
preserving accuracy for locality (Loc.) samples.
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To ensure a rigorous evaluation, datasets were selected according to
criteria such as the complexity of edit generalization, dataset scale, and the
inclusion of counterfactual knowledge. Specifically, we employ four widely
used datasets: ZSRE17,36, CounterFact21, MQuAKE27, andUniEdit28. ZSRE is
a question answering (QA) dataset in which generalization samples are
created by back-translation, resulting in paraphrased questions that form
equivalence neighborhoods. CounterFact is a more challenging dataset
consisting of counterfactual statements that typically receive lower con-
fidence scores from LLMs than their factual counterparts. MQuAKE is
designed to evaluate whether edited models can successfully handle multi-
hop reasoning questions related to the edited facts. UniEdit is a large-scale,
open-domain dataset based on Wikidata40, covering 25 human domains
across five major sectors: Natural Sciences, Humanities, Social Sciences,
Applied Sciences, and Interdisciplinary Studies. It utilizes a unified multi-
hop triple-chain sampling algorithm to construct diverse and comprehen-
sive evaluation scenarios. For all datasets exceptMQuAKE, we followed the
original train–test splits. Because MQuAKE does not include a designated
training set, we sampled one-sixth of its data for use in few-shot augmen-
tation. Statistical details for each dataset are presented in Table 1.

For the training settings, IBKE, MEND, and SERAC were trained on
the UniEdit training set. To assess the effect of small-scale data augmen-
tation,we additionally included512 samples fromeachof the training setsof
CounterFact, ZSRE, and MQuAKE. We duplicated these samples to
increase their proportion in the overall training data by tenfold to balance
their training exposure with UniEdit. Results obtained with this augmen-
tation are indicated with an asterisk (*). Early stopping was applied if
validation loss ceased to decrease for 50,000 steps, and the total number of
training steps was capped at 1,000,000. Model checkpoints are saved every
3,000 iterations, with the checkpoint achieving the lowest validation loss
selected for final evaluation. Each training run required approximately
3–7days on twoNVIDIAA6000GPUs (with a singleGPUused for training
GPT2-XL and Qwen3-1.7B).

For evaluation, following the procedure described in28, we compute
three metrics for model editing: reliability, generality, and locality. For the
reliability score, wemeasure the top-1 token-level hit rate of the post-edited
LLM on the designated edit targets. Generality is assessed by analyzing the
predicted probability distribution over the target tokens and determining
whether each token appears among the top five predictions (the top-5 hit
rate), which reflects how effectively the post-edited LLM improves recall of
the intended concepts. For locality, wefirst record the original predictions of
the model on the locality samples and then evaluate the top-5 hit rate for
these samples after model editing.

Evaluation of Overall Editing Performance
Table 2 summarizes the performance of various editing methods across a
range of datasets and LLM backbones.

Direct Editing (DE)-based methods consistently achieve high relia-
bility and locality scores. By localizing edits to sensitive model weights and
employing low-rank adaptation, these approaches enforce strong edit
confidence while minimizing disruption to unrelated knowledge. On the
ZSRE dataset, where generalization primarily involves paraphrasing of edit
samples, DE-based methods also perform strongly. As ZSRE is relatively
straightforward,mostmethods achieve similarlyhigh scores across the three
metrics (within 3% of the top results). However, in counterfactual editing

scenarios, such as those presented by CounterFact, these methods exhibit
low generality, struggling to extend edits beyond direct instances. On more
complex datasets, including UniEdit and MQuAKE, which feature diverse
edit types,multi-hop reasoning, and interactions amongmultiple edits, DE-
based approaches yield notably low generality scores. These findings indi-
cate that DE-based methods tend to enhance prediction for directly edited
instances without fostering broader integration of new knowledge within
the LLM. Consequently, the model cannot reliably propagate edited
knowledge to address indirect or ripple effects.

In contrast, Edit Training (ET)-based methods employ edit-specific
training to establish interactions between newly introduced knowledge and
the model’s internal representations, leading to improved generality, as
evidenced by their overall performance on UniEdit and ZSRE. However,
because training is typically performed on real-world data, generality
remains constrained for counterfactual datasets such as MQuAKE and
CounterFact, which demand stronger intervention to override entrenched
model priors. Notably, supplementing ET-based methods with small-
sample data leads to substantial improvements in generality.

Specifically, IBKE* utilizes holistic representations of edit requests and
integrates the IB mechanism to distill essential information, thereby
achieving effective generalization while minimizing interference with
unrelated knowledge. In comparison, MEND relies solely on an MLP for
token-level gradient decomposition and lacks a unified approach to edit
semantics; this often results in excessive editing of individual samples and
diminished generalization. SERAC, similarly, is constrained by the capacity
of its counterfactual sub-model and its single-retrieval design, which limits
its ability to support complex interactions among multiple edits.

Figure 2 illustrates the trade-off between generality and locality, pro-
viding an intuitive evaluation of each editor’s ability to calibrate LLM
responses to edited inputs while preserving performance on unrelated
queries. Scores are averaged over three discriminative datasets (excluding
ZSRE). Analogous to recall and precision in classification tasks, the calcu-
lated F1 score (the harmonic mean of generality and locality) quantitatively
reflects how precisely the editing method delineates the boundaries of
knowledgemodification. DE-basedmethods tend to cluster within or below
the yellow band, indicating high locality but limited generality. ET-based
methods achieve a more balanced performance, particularly after few-shot
augmentation, with IBKE demonstrating the best overall trade-off.

For mass editing, similar to GRACE and SERAC, we employ a
semantic retriever41 for MEND and IBKE to perform coarse filtering, pre-
venting numerical instability caused by excessive accumulation of weight
updates42–44. Specifically, each edit sample is added toa retrieval pool, and for
a given input prompt, the top-4 entries in the pool (the maximum hop in
evaluation) with the highest semantic similarity are dynamically incorpo-
rated into the model to adapt its response. Table 3 presents the results after
3,000 edits, including MEMIT22, a method specifically designed for mass
editing, for comparison. Among DE-based methods, except for the
retrieval-based GRACE, all other approaches experience varying degrees of
performance degradation. GRACE decides whether to apply dynamic
adaptation based on the linear distance between intermediate representa-
tions of the input prompt and edit statements. However, this strong
semantic assumption makes it difficult for generality inputs to trigger the
corresponding edits. SERAC trains an edit classifier to improve recall under
semantic variations, but the small language model used to generate
responses struggles to handle interactions among multiple edits, leading to
similarly limited generality scores. In contrast, our simple threshold-free
retrieval strategy largely avoids missed edits. Building upon this, IBKE
demonstrates a stronger ability to balance interactions and conflicts among
multiple edits.

The above results underscore the advantages of introducing edit priors
via targeted edit training and incorporating the IB mechanism.

Hyperparameter Search
To optimize the performance of IBKE, we investigate the effects of two key
hyperparameters: the learnable sequence length lm and the IB balance

Table 1 | Statistics of each dataset, whereCF,MH,OD, andCC
denote counterfactual, multi-hop, open-domain, and
combinations of diverse criteria, respectively

Datasets Train Size Test Size CF MH OD CC

ZSRE 163,196 19,086

CounterFact 10,000 10,000 ✓

MQuAKE 2,036 10,182 ✓ ✓

UniEdit 207,419 103,723 ✓ ✓ ✓
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coefficient β, as shown in Fig. 3. Increasing lm generally leads to improved
editing performance, as it directly expands the capacity of the latent
representation. The coefficient β governs the generalization ability of the
latent representation by mediating the trade-off between information
compression and retention.

Unlike the effect of increasing lm, editing performance does not
improve monotonically with larger β values. For lm > 1, reliability and
locality typically reach theirmaximumat β = 0.1, while generality is greatest
at β = 1. However, setting β to excessively large values (e.g., β = 10)
diminishes all threemetrics, as the latent representations become too similar
and theflowofuseful information is overly restricted.Conversely,when lm=
1, increasing β monotonically degrades editing performance, likely due to
insufficient latent representation capacity for effective compression.

Basedon these observations, our selection strategy is as follows: employ
a larger lm and choose β = 0.1 or β = 1, depending on the desired degree of
generalization. Higher values of β enhance generality but may reduce the
model’s fidelity to the original edit (as measured by the top-1 hit rate). To
balance performance and computational efficiency,we select lm=10 andβ=
0.1 for the remaining experiments in this study.

Ablation Study
As shown in Fig. 4, wefirst analyze the impact of the two key components of
IBKE: the IB mechanism and the scale factor f Ws

ðesiÞ.
For reliability, removing either component leads to only minor

decreases in performance. This outcome occurs because the input gradient
signal is sufficiently informative to guide the editor in aligning the model
with the edit request, evenwithout deeper semantic processing or additional
contextual information. This result is consistent with findings from
MEND17, which also achieves high reliability through the use of multilayer
perceptrons (MLPs) to independently adjust token-level gradient decom-
positions. The IB mechanism improves IBKE’s capacity to interpret edit
semantics and extract key informationby compressing the edit signal.When
omitted, redundant information remains within the latent representation,
impairing generalization andmaking itmore challenging for the scale factor
to focus on themost informative tokenpositions. The scale factormodulates
the strength of token-level gradient updates based on the extracted semantic
features of the edit. By highlighting important token positions and sup-
pressing less pertinent ones, it promotes more targeted adjustments. Its
absence causes all token updates to be applied with uniform strength,
resulting in diminished generality and locality. In summary, the synergy
between the IB mechanism and the scale factor enables the editor to isolate
crucial edit information while filtering out unproductive updates, thereby
enhancing both generality and locality.

As shown in Table 4, we further conduct an ablation study on the
number of augmented samples. As the number of augmented samples
increases from 0 to 512, editing performance improves across the three
datasets, with the most notable gains in generality and locality observed on
MQuAKE and CounterFact. Meanwhile, reliability consistently remains at
near-saturated levels. When the number of augmented samples is further
increased to1,024and2,048, the improvements exhibit diminishing returns.
Overall, approximately 512–1,024 additional augmented samples for each
dataset are sufficient to largely unlock the editing potential of IBKE.

Granular Performance Evaluation of the IB Mechanism
To further investigate the performance improvement provided by the IB
mechanism in different scenarios, we conducted a more granular analysis
across multiple domains and evaluation criteria, as shown in Fig. 5. Each
editor instance was trained on a knowledge domain containing fewer than
9,000 samples on average, resulting in overall performance slightly lower
than that of the main experiment.

Subfigure 5a illustrates the performance of IBKE with and without IB
across various knowledge domains. Compared to locality, the performance
difference is more significant in the areas of reliability and generality, where
editors with IB applied generally exhibit higher background brightness,
corresponding to higher scores. Notably, inmore challenging cross-domainT
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evaluations, the introduction of IB tends to yield a greater enhancement
effect. For example, for both editors trained on the Literature domain, when
evaluated on the Biology domain, the reliability difference reaches 4.5, while
the generality difference exceeds 3.5 when tested across nearly all domains.
The left part of Fig. 5b intuitively illustrates this enhancement. The right part
shows that IB effectively shifts the performance distribution toward higher
values, making it more concentrated near the upper bound of the original

performance. These findings suggest that IB can effectively facilitate the
editor’s cross-domain editing performance.

Subfigure 5c presents the enhancement effect of IB on the editor from
the perspective of generality evaluation criteria. A clear stair-step pattern
is observed, with scores decreasing as each additional criterion, such as
Multi-Hop and Relation Reverse, is included. Similar to Subfigure 5a, IB
provides a stronger enhancement of the editor’s generality under more
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and locality scores achieved by a given editor, computed as the mean over the UniEdit, MQuAKE, and CounterFact datasets.

Table 3 | Mass editing performance after 3000 edits on a mixed dataset evenly sampled from UniEdit, MQuAKE, CounterFact,
and ZSRE

Backbones Type Editors Rel. Gen. Loc. F1 Average

W/O 21.57 22.41 100.00 36.61 47.99±0.22

Base FT 45.87 34.78 29.21 31.76 36.62±1.00

ROME 0.62 0.56 1.85 0.86 1.01±0.25

T-Patcher 60.16 42.33 45.17 43.70 49.22±0.46

LEMoE 21.96 22.64 90.79 36.25 45.13±0.37

GRACE 97.17 30.83 98.97 47.01 75.66±0.25

MEMIT 65.89 38.44 89.36 53.76 64.56±0.52

DE AlphaEdit 82.69 43.51 78.20 55.91 68.13±1.78

SERAC 86.65 49.41 77.27 60.27 71.11±0.17

MEND 80.99 58.35 81.78 68.10 73.71±0.20

IBKE 82.52 66.73 81.26 73.28 76.84±0.15

SERAC* 98.59 68.55 78.80 73.32 81.98±0.30

MEND* 82.88 70.60 84.44 76.90 79.31±0.48

GPT2-XL (1.5B) ET IBKE* 84.12 82.40 87.76 84.99 84.76±0.31

W/O 27.10 28.97 100.00 44.92 52.02±0.12

Base FT 72.10 51.43 44.04 47.45 55.85±1.67

ROME 48.26 27.27 43.74 33.59 39.76±2.73

T-Patcher 39.72 26.93 12.95 17.49 26.53±0.42

LEMoE 25.67 30.30 93.96 45.82 49.97±1.45

GRACE 98.25 34.25 99.96 51.02 77.49±0.18

MEMIT 70.79 41.96 95.84 58.36 69.53±0.48

DE AlphaEdit 71.20 40.07 86.96 54.86 66.08±0.41

SERAC 93.95 52.79 71.04 60.57 72.59±0.13

MEND 80.04 55.66 84.36 67.07 73.35±0.10

IBKE 79.52 65.23 80.67 72.13 75.14±0.36

SERAC* 98.23 68.93 76.33 72.44 81.16±0.24

MEND* 81.13 70.63 90.58 79.37 80.78±0.14

Qwen3 (8B) ET IBKE* 82.54 82.47 93.05 87.44 86.02±0.23

Results are averaged over three runs of data sampling, editing, and evaluation.
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difficult criteria, and a similar effect is observed as the number of hops
increases.

Overall, simpler training domains andmore difficult test cases result in
lower editing performance, while IB effectively mitigates both challenges.
We attribute the gains to two aspects, respectively: IB promotes the learning
of more generalized information extraction patterns, thereby improving
cross-domain editing performance; the more compact editing representa-
tion leaves greater semantic understanding and transformation capacity for
the editor, enabling more effective learning of challenging editing
generalization.

Feature Visualization and Instance Analysis
To illustrate the semantic representation learning capabilities of our editor
architecture, we visualize the distribution of its latent representations
extracted by the learnable fixed-length sequence using dimensionality
reduction via t-SNE45, as shown in Fig. 6. We observe that, regardless of
whether the IB mechanism is employed, edit samples sharing the same
relation tend to cluster together, indicating that both editor variants effec-
tively capture the distribution of edit semantics through the learned
representations. In layers 15 and 16, these clusters are well separated,

whereas in layer 17, some clusters exhibit less distinct boundaries, parti-
cularly for the relations “has part(s)”, “used by”, and “facet of”. We hypo-
thesize that this results fromdifferences in the semantic level encoded by the
gradient decomposition of GPT2-XL within this layer. Moreover, incor-
porating the IB mechanism produces clearer boundaries between clusters
and fewer outliers, suggesting improved learning of distinct and well-
separated latent representations.

Figure 7 further visualizes the scale factors f Ws
ðesiÞ to assess whether

IBKE attends to key positions in the input edit signals, and to examine how
the additionof the IBmechanismaffects this process. Subfigure7a shows the
distribution of scale factors for edit samples from three different datasets,
processed by editor instances with and without the IB mechanism. At the
token level, we find that the first token, subject, predicate, and prepositions
within an edit sentence receive varying attention across layers. Scale factors
in layers 15 and 16 exhibit greater sparsity, while those in layer 17 are more
densely distributed. This pattern indicates that these key positions convey
most of the semantics necessary for effective editing. Comparing editor
instances, we find that scale factors in models trained with the IB
mechanism are noticeably sparser, suggesting that IB-driven compact
representations enhance the sparsity and selectivity of gradient
decompositions.

Figure 7b depicts how editing performance changes as scale factors are
systematically pruned from the smallest to the largest values, providing an
intuitive demonstration of the advantages of increased sparsity. Editors
utilizing IB show more moderated confidence in both reliability and gen-
erality, while those lacking IB may over-edit or affect unrelated samples, as
reflected by reduced locality similarity. Additionally, as shown in the
“Average” column, editors with IB exhibit slower increases in prediction
rank for generality samplesduring earlypruning,whereas editorswithout IB
experience a pronounced drop in locality similarity during later stages.
Overall, these results suggest that the IB mechanism mitigates interference
from redundant, entangled token positions during editing, contributing to
greater robustness and superior overall performance.

Computational Overheads and Training Difficulty
Figure 8 compares the computational overhead of different editors across
LLMs of varying scales from the perspective of single-edit cost. In terms of
editing time, DE-based methods are relatively expensive, as each edit
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Fig. 4 | Ablation study of the IB mechanism and the scale factor (SF) f Ws
ðesiÞ, using GPT2-XL as the backbone. The four IBKE variants with different configurations are

trained on the few-shot augmented data. Legends marked with a “-” sign indicate that the corresponding module has been removed.

Table 4 | IBKE ablation on data augmentation amounts, where 0 and 512 augmented samples correspond to IBKE and IBKE*,
respectively

UniEdit MQuAKE CounterFact ZSRE

# Data Rel. Gen. Loc. Average Rel. Gen. Average Rel. Gen. Loc. Average Rel. Gen. Loc. Average

0 97.80 96.89 97.48 97.39±0.30 97.34 56.09 76.72±0.25 96.08 57.87 77.45 77.13±0.18 95.79 97.69 96.36 96.61±0.32

128 98.12 96.29 97.26 97.22±0.26 98.09 74.69 86.39±0.18 96.10 63.47 85.47 81.68±0.08 95.43 97.78 97.67 96.96±0.13

256 97.92 96.26 97.47 97.22±0.23 98.65 86.36 92.51±0.39 96.81 69.83 84.97 83.87±0.48 96.05 98.13 98.29 97.49±0.28

512 98.13 97.00 97.46 97.53±0.17 98.72 92.31 95.51±0.43 97.19 88.59 87.58 91.12±0.22 97.08 97.83 99.24 98.05±0.13

1024 98.11 97.06 97.56 97.58±0.24 99.09 92.98 96.03±0.61 96.87 93.20 94.33 94.80±0.15 97.70 99.13 99.69 98.84±0.17

2048 98.06 96.07 97.53 97.22±0.14 99.50 93.72 96.61±0.47 97.77 96.40 96.10 96.76±0.20 98.32 99.23 99.78 99.11±0.06
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requires multiple iterations of training, resulting in latency on the order of
seconds. Regarding memory consumption, ROME and AlphaEdit incur
relatively high GPU memory overhead, as they must backpropagate gra-
dients to intermediate layers of the LLM while maintaining high-
dimensional statistical matrices and weight snapshots. In contrast, ET-
basedmethods such asMEND, SERAC, and IBKE achieve at least an order-
of-magnitude reduction in editing latency by avoiding repeated back-
propagation. Moreover, their memory overhead remains well-controlled
across backbone models of different scales, indicating better scalability.
Notably, SERAC directly stores edit statements during the editing process,
while the counterfactual small languagemodel used for response generation
remains fixed. This design results in low editing latency and slow growth in
memory consumption.

Figure 9 illustrates the evolution of loss and performance during the
training of IBKE. As training progresses, both training and validation losses
decrease steadily and eventually converge, indicating that the objective
function with the IB constraint is well-optimized for the knowledge editing
task anddoes not exhibit noticeable instability or divergence.Meanwhile, all
three evaluation metrics improve during the early to middle stages of

Fig. 5 | Performance of IBKEwith andwithout the IBmechanism, trained on five
domains from different sectors in UniEdit, using Qwen3-1.7B as the backbone.
a Shows the overall performance of each training instance across the 25 domains in
UniEdit, where the vertical axis represents the 25 test domains, and the horizontal
axis represents the training domains. b Visualizes the performance gains from IB
across domains in the left part, where different colors represent different training
domains. Each point represents a test result on a specific domain, with the x-axis

showing the performance before introducing IB. A quadratic curve is fitted to the
data to highlight the trend. The right part displays the distribution of performance
with and without IB. c Shows the average generality over the five training instances
across different combinations of criteria and hop counts in UniEdit, where the
abbreviations denote Rephrase (Rep), Object Alias (OA), Subject Alias (SA), Multi-
Hop (MH), and Relation Reverse (RR).

Layer-15 Layer-16 Layer-17

IB
w

/o
IB

chromosomecast member funding schemefather has works in the collection

relativearchitectural style nominated forhas part(s) facet ofused by

Fig. 6 | Latent representation visualization of IBKE with and without the IB
mechanismusing t-SNE,withGPT2-XL as the backbone.Each point represents an
edit sample, and each class corresponds to samples sharing the same relation.
Brightness indicates the prediction confidence of the edited model given the edited
samples.
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training, followed by a plateau phase, with almost no performance degra-
dation observed in the later stages. This phenomenon indicates that IBKE
can effectively learn reliable fitting of editing targets while maintaining
cross-sample generalization, thereby alleviating or delaying the onset of
potential overfitting.

Discussion
Current editors for LLMs are often effective within narrowly defined or
constrained settings, but they frequently struggle to generalize in open, real-
world scenarios21,22,25,37,38. In this work, we introduce a theoretically prin-
cipled framework for model editing that explicitly manages the balance
betweengenerality and locality. By framingmodel editing as an information-
constrained optimization problem, this approach distinguishes essential edit
information from redundant signals, enabling effective generalization of
edits while reducing interference with unrelated knowledge.

Building on this foundation, we develop the Information Bottleneck
Knowledge Editor (IBKE), which implements the information bottleneck
(IB) principle through gradient-based latent encoding and adaptive token-
level scaling. Empirical results drawn from four datasets, four backbone
architectures, and nine baseline methods, comprising 208 evaluation
experiments in total, demonstrate that IBKE achieves leading performance
in balancing generality and locality.

Extensive hyperparameter exploration reveals that a moderate balance
coefficient (β ≈ 0.1) strikes an optimal compromise between reliability and
generality, providing new insight into how the IB principle guides model
editing. Ablation studies demonstrate that both the IB mechanism and the
token-level scale factor are critical; removal of either component results in
redundant or misaligned updates. This underscores that information
compression and adaptive scaling are key for IBKE to focus on semantically
relevant changes and to precisely execute edits.

Fig. 7 | Visualization of edit token importance for IBKE with and without the IB
mechanism, usingGPT-2-XL as the backbone. The three edit examples are drawn
from CounterFact, UniEdit, and MQuAKE, respectively. a Shows the strength of
scale factors f Ws

ðesiÞ across layers for each edit token (values are activated by the
sigmoid function), where darker token backgrounds intuitively correspond to higher
values. b Displays changes in edit metrics as scale factors are iteratively pruned to

zero, from the lowest to the highest values. Both the average prediction confidence
and the vocabulary rank of the target tokens are reported for reliability and gen-
erality. Locality similarity is computed based on the JS divergence between the edited
and original models' prediction distributions on the locality samples. “Average”
reports the averaged results over 3000 successfully edited instances randomly drawn
from the three datasets.
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Granular evaluations across knowledge domains and evaluation cri-
teria show that editors incorporating the IB mechanism demonstrate
enhanced cross-domain generalization and greater robustness under chal-
lenging conditions, indicating that IB supports the learning of transferable
editing patterns. Visualization analyses further reveal that IB increases the
separability of latent semantic clusters and promotes sparsity in token-level
updates, confirming that the editor effectively targets and utilizes the most
informative aspects of the edit. These findings support our central
hypothesis: constraining information flow enables more robust, balanced,
and interpretablemodel updating.Additionally,we compare computational
overhead across editors and analyze the training dynamics of IBKE,
demonstrating its moderate cost, efficient convergence, and robustness
against overfitting.

Overall, our study demonstrates that model editing within the IB
framework offers a promising approach for achieving reliable, general-
izable, and interpretable updates in LLMs, with IBKE representing a
significant advance in this direction. One limitation of our current
implementation is the relatively high-rank nature of weight updates.
Future work may seek to integrate the IB principle with low-rank
adaptation strategies (e.g., rank-1 updates) to further reduce potential
interference with original model parameters. In addition, the current
extension of IBKE tomass editing relies on hard retrieval, where retrieval
accuracy may weaken interactions among related edits. Addressing the

integration of mass edits within the IB-based editing framework there-
fore represents a promising direction for enablingmore effective lifelong
editing.

Methods
In this section,wefirst describe thepreliminaries ofmodel editing and the IB
principle. We then introduce the IB-enhanced model editing framework
and its information flow, followed by a detailed description of IBKE, which
is constructed based on this framework.

Preliminaries
For model editing, we represent an LLM as f θ 2 F , where fθ:Q→Omaps
an input query q ∈ Q to an output o = fθ(q). An edit request e = (qe, oe)
instructs the LLM toproduce the target output oewhen given the prompt qe,
particularly when fθ(qe) ≠ oe. Given a set of edit requests E ¼ feigni¼1, model
editing seeks to construct an editor ϕ : F × E ! F that generates a post-
edit LLM, denoted fbθE ¼ ϕðf θ; EÞ. An effective editor should ensure that the
edited LLM satisfies the following three metrics14:

Reliability assesses the accuracy of the responses generated by fbθE forthe edited samples:

Eðqe;oeÞ2E ½IðfbθE ðqeÞ ¼ oeÞ� ð1Þ

where Ið�Þ denotes the indicator function.
Generality measures whether fbθE appropriately adapts its responses toqueries related to the edited samples:

Eðqg ;og Þ�GðEÞ½IðfbθE ðqg Þ ¼ og Þ� ð2Þ

where GðEÞ denotes the relevant neighborhood (the “ripple effect”) of the
edit set E.

Locality evaluates whether fbθE maintains responses consistent with the
original model for queries unrelated to the edited set:

Eðql ;olÞ�LðEÞ½IðfbθE ðqlÞ ¼ f θðqlÞÞ� ð3Þ

where LðEÞ refers to the set of queries unrelated to E, specifically exclud-
ing E ∪GðEÞ.

For IB,we consider a supervised learning settingwith randomvariables
(X,Y), whereXdenotes themodel input andY represents the corresponding
ground-truth label. The IB principle33,34 models the forward propagation
process ϕ as a Markov chain:

Y ! X ! Z ! bY|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
ϕ

ð4Þ

Here,Z is an intermediate representationofXproducedby themodel, and bY
is the predicted label. This structure implies that Y and Z are conditionally
independent givenX, indicating that all information relevant toYmust pass
through X.

The IB objective seeks to learn a representation Z that is both com-
pressed and sufficient, by minimizing the mutual information I(Z; X) while
maximizing I(Z; Y):

max IðZ;YÞ � βI ðZ;XÞ ð5Þ

where β > 0 is a trade-off parameter that determines the level of
compression. By balancing these two terms, the IB principle encourages the
model to extract essential information from X for predicting Y, while
reducing redundant content.

Knowledge Editing: an IB Perspective
In this subsection, we present a unified formulation of model editing as a
Markov chain, which provides the foundation for the IB approach and its
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associated optimization objectives. Unlike conventional supervised learning
tasks, the forward pass here consists of two distinct stages: first, intervention
by themodel editor in the LLM, and second, generation of responses by the
edited LLM to subsequent inputs.We describe the information flow among
relevant variables as follows:

ð6Þ

Within this framework, each edit induces specific distributions for
generality and locality, meaning that both generality samples (Qg, Og) and
locality samples (Ql,Ol) are conditioned on the edit request E. We explicitly
partition the editor ϕ into two stages: ϕ1, which derives the latent repre-
sentation Z from the edit request E, and ϕ2, which applies Z to intervene in
the LLM, thereby altering its predicted response bO to the inputQ. Based on
these dependencies, we propose three constraints for the model editing
process to achieve effective editing while minimizing the transmission of
redundant information.

The first constraint is Information Transfer Minimization (ITM),
which requires the editor to compress the information contained in the
representation Z as much as possible. Formally, this is expressed as

min IðE;ZÞ: ð7Þ

Expanding the mutual information yields:

X
e;z

pðe; zÞ log pðzjeÞ
pðzÞ : ð8Þ

Since p(z) is generally intractable, by introducing a reference distribution
r(z) and leveraging the non-negativity of the KL divergence, we obtain the
following variational upper bound:

X
e;z

pðe; zÞ log pðzjeÞ
pðzÞ ≤

X
e;z

pðe; zÞ log pðzjeÞ
rðzÞ : ð9Þ

In the context of Eq. (6), the distribution p(z∣e) is parameterized as pϕ1 ðzjeÞ.
Thus, the objective becomes optimizing the upper boundwith respect to ϕ1:

min
ϕ1

X
e;z

pðeÞpϕ1 ðzjeÞ log
pϕ1 ðzjeÞ
rðzÞ ð10Þ

) min
ϕ1

X
e

pðeÞKL½pϕ1 ðzjeÞ k rðzÞ� ð11Þ

The second constraint is Sufficiency for Generality (SG), which
requires the representation Z and the generality inputQg to retain as much
information as possible about the generality output Og. This can be for-
mulated and derived as follows:

max IðZ;Qg ;Og Þ ð12Þ

) max
X
z;qg ;og

pðz; qg ; ogÞ log
pðog jz; qg Þ

pðog Þ ð13Þ

) max
X
z;qg ;og

pðz; qg ; og Þ log pðog jz; qg Þ þ HðOg Þ ð14Þ

/ max
X
z;qg ;og

pðz; qg ; og Þ log pðog jz; qgÞ ð15Þ

Since the entropy H(Og) is constant, it is dropped in the optimization. By
replacing p(og∣z, qg) with an approximating distribution ξ(og∣z, qg) and using
the non-negativity of the KL divergence, we obtain the following variational
lower bound:

P
z;qg ;og

pðz; qg ; og Þ log pðog jz; qg Þ≥
P

z;qg ;og

pðz; qg ; og Þ log ξðog jz; qg Þ
ð16Þ

In the context of Eq. (6), ξ(og∣z, qg) is modeled by the decoder formed as the
composition of ϕ2 and fθ. Thus, the objective becomes optimizing the lower
bound with respect to ϕ, as derived below:

max
ϕ

X
z;qg ;og

pðz; qg ; ogÞ log ξðog jz; qg Þ ð17Þ

) max
ϕ

X
z;e;qg ;og

pðz; e; qg ; og Þ log ξðog jz; qg Þ ð18Þ

) max
ϕ

X
z;e;qg ;og

pðeÞ pðqg ; og jeÞ pϕ1 ðzjeÞ log ξðog jz; qg Þ ð19Þ

The derivation of Eq. (19) follows from the conditional independence of qg,
og and z given e, as shown in Eq. (6).

The third constraint is Independence for Locality (IL), which requires
the representation Z, given the locality input Ql, to contain as little infor-
mation as possible about the locality output bOl of the LLM. This is for-
mulated as follows:

min IðZ; ôljQlÞ ð20Þ

) min
X

z;ôl ;ql
pðz; ôl; qlÞ log

pðôljz; qlÞ
pðôljqlÞ

ð21Þ

In the context of Eq. (6), the distribution pðôljz; qlÞ is parameterized
as ξðboljz; qlÞ.

For the conditional distribution pðboljqlÞ, we replace it with the original
model fθ, which is unaffected by Z, and similar to Eq. (9), we obtain a
variational upper bound. The objective then becomes:

min
ϕ

X
z;bol ;ql

pðz; ôl; qlÞ log
ξðôljz; qlÞ
f θðôljqlÞ ð22Þ

) min
ϕ

P
e;z;bol ;ql

pðz; eÞ pðôljql; z; eÞ pðqljz; eÞ�

log ξðôl jz;ql Þ
f θðôl jqlÞ

ð23Þ

) min
ϕ

P
e;z;bol ;ql

pðeÞ pðqljeÞ ξðôljql; zÞ pϕ1 ðzjeÞ�

log ξðôl jz;ql Þ
f θðôl jqlÞ

ð24Þ

In Eq. (24), the terms p(ql∣e) and ξðboljql; zÞ arise from conditional inde-
pendence assumptions, which allow certain variables to be omitted.

Information Bottleneck Knowledge Editor (IBKE)
In this subsection, we introduce IBKE, an editor built on the IB framework
described above. Inspired by previous studies on LLM knowledge locali-
zation and editing19,21,22,24, IBKE corrects the responses of an LLM by
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adapting the weights of the output linear layers within the early-layer FFNs.
To achieve this, a set of hypernetworks is trained; each hypernetwork
receives as input a signal that encodes theprior of the edit request and is used
to generate weight offsets. The full computational workflow of IBKE is
illustrated in Fig. 10.

Thefirst stageof IBKE,denoted asϕ1, computes thefirst-order gradient
decompositions of the edit weights with respect to the edit request17,32,46,
which are then used as inputs to the associated hypernetworks. While
simpler alternatives are available, such as using embeddings or hidden
representations of the edit request20,29, the gradient decomposition conveys
not only the semantics of the edit but also the direction of steepest weight
adaptation.

Specifically, within the LLM fθ, we consider a set of linear layermatrices
fWi 2 Rdin × dout gni¼1, each paired with a hypernetwork that processes its
corresponding gradient signal. Here, din and dout are the input and output
dimensions of each linear layer, respectively. Given an edit request e = (qe,
oe), the gradient for each matrix can be decomposed as:

∇Wi ¼
∂‘sðqe; oe; f θÞ

∂Wi
¼ h>i ui ¼ h>i

∂‘sðqe; oe; f θÞ
∂ðhiWiÞ

ð25Þ

where ℓs denotes the cross-entropy loss, hi 2 Rle × din is the input to the
linear layer, and ui 2 Rle × dout is the gradient of the linear mapping hiWi.
The sequence length of the edit request is denoted as le. Then, the
concatenated vector si ¼ hi � ui 2 Rle × ðdinþdout Þ serves as the input to the
hypernetwork. Below, we describe the computation performed within each
hypernetwork.

Given input si, IBKEmodels the latent distribution p(zi∣si) and aligns it
to a prior distribution r(zi) using the ITM constraint. To enable differenti-
able optimization, we employ the reparameterization trick34,47. Specifically,
p(zi∣si) is parameterized as a Gaussian distribution, with two cross-attention
(CA) modules mapping si to the mean and log-variance of the distribution:

μzi ¼ f CAμ
ðζ; siÞ 2 Rlm × dm ; ð26Þ

vzi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
exp f CAv

ðζ ; siÞ
q

2 Rlm × dm ð27Þ

where ζ 2 Rlm × dm is a learnable sequence offixed length lm, and dmdenotes
the module dimension in IBKE.

The cross-attention modules are defined as:

f CAðζ; siÞ ¼ δðζWqðsiWkÞ>ÞsiWv ð28Þ

where Wq 2 Rdm × dm , Wk 2 Rðdinþdout Þ × dm , and Wv 2 Rðdinþdout Þ× dm are
projection matrices; biases are omitted for brevity. Here, δ denotes the
softmax function.

The prior r(zi) is chosen as the standard normal distributionN ð0; IÞ.
Following Eq. (11), the ITM constraint for a request e leads to the following

loss, specified by the KL divergence between the twoGaussian distributions:

‘ITMi
ðeÞ ¼ 1

2
f�1> log�v2ziþ k �v2zik1þ k �μ2zik1 � lmdmg ð29Þ

where vzi and μzi are the flattened versions of vzi and μzi , respectively, and 1
is an all-ones vector.

During training, the latent representation zi 2 Rlm × dm is sampled as:

zi ¼ μzi þ vzi � ϵ; ϵ � N ð0; IÞ ð30Þ

where ϵ 2 Rlm × dm is noise sampled from the standard normal distribution,
and⊙denotes element-wisemultiplication.During inference,we set ϵ=0 to
ensure deterministic outputs.

The second stage of IBKE, denoted as ϕ2, adapts the LLM fθ using the
gradient decomposition augmented by the latent representation zi. Spe-
cifically, si is reparameterized conditional on zi via a cross-attention
module:

esi ¼ f CAs
ðsi; ziÞ 2 Rle × dm ð31Þ

Next, two separate linear layers are applied to map esi into: (1) a residual
vector f Wr

ðesiÞ 2 Rle × ðdinþdoutÞ, enhancing si; and (2) a scaling factor
f Ws

ðesiÞ 2 Rle × 1, adjusting update strength across tokens. The modified
gradient decompositionbsi is then computed as:

bsi ¼ σðf Ws
ðesiÞÞ � ðsi þ f Wr

ðesiÞÞ 2 Rle × ðdinþdoutÞ ð32Þ

where σ denotes the sigmoid function and ⊙ denotes the element-wise
product, applied with broadcasting.

The concatenated vector bsi is then split back into bhi 2 Rle × din andbui 2 Rle × dout . Finally, the edit is executed by updating thematrices fWigni¼1
with the adapted gradients:

bWi ¼ Wi � ηi
bh>i bui; i ¼ 1; . . . ; n ð33Þ

where ηi is a trainable parameter serving as the learning rate for the edit
gradients. For abatchof edit requests, this update is applied iteratively across
the batch.

For the training loss of IBKE, givenabatch of requestsE andnoise ϵ, we
denote the IBKE-editedLLMas f θ̂ϵE .Using theSG(sufficiency for generality)
and IL (independence for locality) constraints and by empirically approx-
imating the true data distribution, we define the batch-wise losses as:

‘SGðEÞ ¼ � 1
jGðEÞj

X
ðqg ;og Þ2GðEÞ

log f θ̂ϵE ðog jqg Þ ð34Þ

‘ILðEÞ ¼
1

jLðEÞj
X

ðql ;ol Þ2LðEÞ
KL½f θ̂ϵE ðoljqlÞ k f θðoljqlÞ� ð35Þ

Fig. 10 | Overall structure of IBKE.A batch of two-
hop edit samples is shown as an example. The left
panel illustrates how edit signals are obtained, while
the right panel depicts the pipeline by which IBKE
utilizes these signals to update model weights.
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where ϵ � N ð0; IÞ. Here, differing from Eq. (24), ‘ILðEÞ replaces the
autoregressively generated locality output bol with real outputs ol from LðeÞ
to enable parallel token-wise loss computation.

Together with the ITM constraint, the total edit training loss is:

‘IBKE ¼ ‘SGðEÞ þ ‘ILðEÞ þ
β

jEjnlmdm
X
e2E

Xn
i¼1

‘ITMi
ðeÞ ð36Þ

where the denominator jEjnlmdm normalizes the ITM constraint at the
element level, preventing the IB regularization term from becoming
excessively large.

Data availability
The datasets used in this study are publicly available from the following
sources: UniEdit (https://huggingface.co/datasets/qizhou/UniEdit),
MQuAKE (https://github.com/princeton-nlp/MQuAKE), CounterFact
(https://rome.baulab.info/), ZSRE (https://github.com/eric-mitchell/mend).

Code availability
The code was implemented in Python using the deep learning framework
PyTorch (version 2.7.1) and is publicly available at https://github.com/
qizhou000/IBKE/.
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