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Abstract

Maintaining factual accuracy is becoming in-
creasingly expensive as Large Language Mod-
els (LLMs) scale. This has spurred a modular
perspective that decouples linguistic compe-
tence from factual knowledge in LLMs, which
enables targeted fact updates without full re-
training. Yet a coherent framework to guide
this emerging line of work is still lacking. To
fill this gap, we present a comprehensive sur-
vey through the lens of Linguistic—-Knowledge
Separation (LKS), consolidating methods and
evaluations into a unified framework. We make
four contributions: (1) We clarify the concep-
tual distinction between linguistic and factual
knowledge. (2) We summarize representative
benchmarks and metrics for the linguistic and
knowledge sides, enabling side-specific evalua-
tion. (3) We provide a comprehensive summary
of LKS methodologies and develop a system-
atic taxonomy that organizes them into coher-
ent categories. (4) Finally, we outline future
directions and open challenges toward robust,
generalizable LKS.

1 Introduction

With the continued scaling of large language mod-
els, maintaining factual accuracy through repeated
end-to-end retraining becomes increasingly costly.
This motivates a modularity-oriented perspective
that separates linguistic competence and factual
knowledge in LLMs (Mahowald et al., 2024;
Collado-Montafnez, 2024; Chen, 2023). In this
paradigm, the model’s linguistic competence for ex-
pression, composition, and reasoning is kept stable
and reusable, whereas factual knowledge, includ-
ing entities, relations, events, and their truth values,
is made inspectable and readily revisable. Conse-
quently, fact updates can be implemented through
targeted interventions rather than prohibitively ex-
pensive retraining, a property that is particularly
important in dynamic real-world settings where in-

formation evolves rapidly, and updates are required
frequently.

This survey aims to provide an in-depth, sys-
tematic analysis of existing Linguistic—-Knowledge
Separation (LKS) approaches, emphasizing recent
advancements to capture the rapidly evolving na-
ture of this field. The main contributions of this
paper are summarized as follows: (1) We define
linguistic and factual knowledge separately, and
analyze the mechanisms that lead to their entan-
glement in LLMs. (Section 2). (2) We compile
representative benchmarks and metrics for both
the linguistic and knowledge aspects, and propose
a compact evaluation toolkit to enable consistent
comparison across approaches (Section 3). (3) We
review the literature from the perspective of linguis-
tic—factual disentanglement in LLMs, outlining key
approaches and trends (Section 4). Specifically, we
group prior work into three main categories: (i)
Isolating parametric knowledge within the model
to make it explicit and auditable (Section 4.1); (ii)
Overriding internal knowledge at inference time by
injecting external evidence, thereby shifting facts
outside the model (Section 4.2); (iii) Attenuating
the model’s reliance on stored knowledge via mask-
ing training, encouraging it to behave more like a
pure language engine (Section 4.3). A comprehen-
sive comparison of these three approach families is
provided in Table 1 and Figure 1. (4) We discuss
open challenges and propose potential solutions,
offering actionable insights for future studies (Sec-
tion 5).

Difference to Existing Surveys Existing sur-
veys partially overlap with our scope in that they
cover ingredients that separation methods often rely
on, such as factuality and hallucination mitigation
(Huang et al., 2025), retrieval-augmented genera-
tion (Fan et al., 2024; Gupta et al., 2024), knowl-
edge updating and editing (Wang et al., 2024), and
interpretability techniques for knowledge localiza-
tion (Rai et al., 2024; Ranaldi, 2025). However,
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Figure 1: Three Strategies for Linguistic-Knowledge Separation: Isolate, Override, and Attenuate

these surveys typically treat the LLM as a mono-
lithic generator and organize the literature by task
outcomes (e.g., factual accuracy) or specific tech-
niques (e.g., RAG, editing, probing). To the best
of our knowledge, this is the first survey to sys-
tematically examine existing approaches through
the lens of separating linguistic competence and
factual knowledge in LLMs.

2 Background

What is Linguistic(L)? Linguistic competency
refers to the ability to produce and interpret well-
formed, fluent language, governed by phonology,
orthography, morphology, syntax, semantics, and
pragmatics (Morris, 1938; Grice, 1975; Mahowald
et al., 2024). Phonology characterizes the sound
system (e.g., /p/ vs. /b/, stress patterns), while
orthography describes writing conventions (e.g.,
spelling, punctuation, capitalization). Morphol-
ogy and syntax govern how meaningful units form
words and how words combine into well-formed
sentences. Semantics concerns the meanings and
truth conditions expressed by linguistic forms, and
pragmatics explains how context shapes intended
meaning (e.g., implicatures, politeness, indirect re-
quests). Together, these components span linguistic
form (phonology/orthography), grammatical orga-
nization (morphology/syntax), and interpretation
in context (semantics/pragmatics).

What is Factual Knowledge (K)? Factual

knowledge is justified true belief that can be veri-
fied or disproven with reliable sources from an epis-
temological standpoint (Lehrer and Paxson, 1969).
Within NLP, instead, factual knowledge is typi-
cally characterized in terms of entity- or concept-
centered attributes and relations with specific val-
ues (e.g., Dante was born in Florence; Oslo is the
capital of Norway). Formally, it is cast as queryable
fact units (e.g., knowledge triples t = (s,r,0) or
equivalent question—answer pairs < ¢,a >) and
tested via cloze prompts to see whether the model
can recover the correct 0. Hu et al. (2024) fur-
ther note that facts in LLMs can be misgeneralized
and become outdated. Consequently, evaluating
factual knowledge should go beyond single-fact re-
trieval and systematically cover dimensions such as
source, temporal validity, domain, and geography.
Why are L and K entangled in LLM? Lin-
guistic competence and factual knowledge become
tightly entangled in LLMs because the model is
trained as a single next-token predictor. The same
parameters and hidden representations must do dou-
ble duty: they learn to build coherent sentences,
while also capturing statistical regularities about
entities, relations, and events seen in the training
data. Since the training signal only rewards making
the next word likely, the model does not naturally
store facts as clean, addressable records. Instead, it
often encodes factual content together with the way
that content is usually expressed, yielding internal
features that mix what is true with how it is said.



3 Metrics and Benchmarks

3.1 Linguistic-side Evaluation

This section assesses the linguistic competence of
LLMs while minimizing reliance on stored factual
knowledge.

Grammatical Correctness The following re-
sources evaluate whether models have internal-
ized systematic word-formation rules. Inflection
and lemmatization benchmarks (e.g., UniMorph;
SIGMORPHON shared tasks; CELEX/Wiktionary-
derived resources (Batsuren et al., 2022; Kodner
et al.,, 2022; Baayen et al., 1996; Durrett and
DeNero, 2013)) treat morphology as a bidirec-
tional mapping between a lemma paired with a
morphosyntactic feature bundle and its surface
form, and evaluate models in either the genera-
tion direction (lemma-+features — form; e.g., go +
3SG.PRES — goes) or the analysis direction (form
— lemma/features; e.g., goes — go). Derivational
morphology datasets (e.g., MorphyNet (Batsuren
et al., 2021)) assess whether models can apply
derivational rules to generate or recognize members
of a derivational family. Morpheme segmentation
datasets (e.g., MorphoChallenge (Kurimo et al.,
2010)) probe internal word structure by requiring
morpheme boundary and sequence recovery (roots
and affixes). Standard metrics for these bench-
marks include exact-match accuracy, average edit
distance, and over- and understemming rates.

The following resources test the sentence-level
grammatical competence. CoLA (Warstadt et al.,
2019) and its multilingual counterparts ItaColLA
(Trotta et al., 2021), RuCoLLA (Mikhailov et al.,
2022), EsCoLa (Bel et al., 2024), QFrCoLLA (Beau-
chemin and Khoury, 2025), NoCoLA (Jentoft and
Samuel, 2023), CoLAC (Hu et al., 2023), and
JCoLA (Someya et al., 2024) frame grammar as a
linguistic acceptability problem, asking whether a
sentence is well-formed or ungrammatical. MELA
(Zhang et al., 2024b) further unifies CoLA-style
resources into a single evaluation setup to support
cross-lingual comparison. BLiIMP (Warstadt et al.,
2020) and its multilingual counterparts ZhoBLiMP
(Liu et al., 2024), JBLiMP (Someya and Oseki,
2023), RuBLiMP (Taktasheva et al., 2024), BLiMP-
NL (Suijkerbuijk et al., 2025), BLiMP-IT (Barbini
et al., 2025), QFrBLiMP (Beauchemin et al., 2025)
construct minimal grammatical contrast pairs (ill-
formed vs. well-formed), and check whether the
model prefers the well-formed sentence. They
encompass a range of diverse syntactic and mor-

phosyntactic phenomena, including subject—verb
agreement, binding, and negative polarity item li-
censing. Syntactic parsing benchmarks require
models to output explicit parse structures to test
sentence-level grammar, including constituency
treebanks datasets the Penn Treebank (Marcus
et al., 1993), Penn Chinese Treebank (Xue et al.,
2005), French Treebank (Abeillé et al., 2003), Ara-
bic Treebank (Maamouri et al., 2004), and TIGER
(Brants et al., 2002) that annotate phrase structure,
as well as dependency benchmarks the Prague De-
pendency Treebank (Bohmové et al., 2003) and
the multilingual Universal Dependencies treebanks
(Nivre et al., 2016) that mark head—dependent re-
lations between words. CoLA-style benchmarks
report accuracy and Matthews Correlation Coeffi-
cient (MCC). BLiMP-style evaluations are scored
by pairwise preference accuracy. Parsing perfor-
mance is assessed using labeled bracketing F1 and
unlabeled/labeled attachment scores.

Fluency and Diversity Open-domain corpora,
such as OpenWebText (Gokaslan and Cohen,
2019), C4 (Colossal Clean Crawled Corpus)1 , The
Pile (Gao et al., 2020), RedPajama (Weber et al.,
2024), RefinedWeb (Penedo et al., 2023), Dolma
(Soldaini et al., 2024), FineWeb (Penedo et al.,
2024), and Datacomp-Im (Li et al., 2024a), serve
as a natural source of diverse, in-the-wild prompts
for open-ended continuation. Sampling generations
from these corpora makes it straightforward to sur-
face and quantify degeneration behaviors such as
repetition, looping, loss of topical coherence, and
incoherent drift, and to study how these failure
modes depend on prompt type, length, decoding
strategy, or model size.

ParaNMT-50M (Wieting and Gimpel, 2018),
ParaBank/ParaBank2 (Hu et al., 2019; Hao et al.,
2022), TaPaCo (Scherrer, 2020), and Opusparcus
(Sjoblom) provide paraphrase pairs, sentences that
express the same meaning with different wording,
allowing evaluation of whether a model can vary
surface form while preserving semantics. Comple-
mentary stress-test contrast sets, such as PAWS and
PAWS-X (Zhang et al., 2019; Yang et al., 2019),
focus on high-lexical-overlap pairs where minimal
structural edits flip the meaning, probing whether
models maintain semantic fidelity when surface
cues are misleading. In addition, multi-reference
data-to-text benchmarks such as E2E (Novikova
et al., 2017) and WebNLG (Gardent et al., 2017)

"https://www.tensorflow.org/datasets/catalog/c4



Evaluation Dimension Corpus Metrics
Grammar UniMorph; CoLA, BLiMP EM; Pairwise preference accuracy
L Fluency OpenWebText; The Pile Repetition/loop rate; SLOR
Diversity ParaNMT-50M; WebNLG Distinct-n; Self-BLEU
Faithfulness FActScore, CiteCheck Supported-claim rate; Citation precision/recall
Truthfulness Truthful QA, Natural Questions MC accuracy (MC1/MC2); EM (often with F1)

Table 2: A compact evaluation toolkit for language-side competence and knowledge-side reliability.

provide multiple human-written outputs for the
same meaning representation. This enables the
evaluation of whether a model can generate dif-
ferent valid phrasings of the same content, rather
than being rewarded only for matching a single
reference.

Fluency metrics include n-gram repetition rates,
tail degeneration (Holtzman et al., 2019), and loop
detectors (Welleck et al., 2019). SLOR (Lau et al.,
2017) offers a length-normalized estimate of flu-
ency based on log-probability deviations. Diver-
sity is typically evaluated by Distinct-n (Li et al.,
2016), Self-BLEU (Zhu et al., 2018), n-gram en-
tropy (Pang et al., 2020), and MAUVE (Pillutla
et al., 2021).

3.2 Knowledge-side Evaluation

This section reviews knowledge-side evaluation
along two dimensions: faithfulness and truthful-
ness. Faithfulness measures how well a response
matches the provided context, whereas truthfulness
concerns an LLM’s capability to tell the truth based
on its parametric knowledge (see Appendix C).

Factual Faithfulness FactCC (Kryscinski et al.,
2020) reframes factuality checking as a sentence-
level task: it treats each summary sentence as a
claim and classifies whether that claim is consis-
tent with the source document. DAE (Goyal and
Durrett, 2020) refines this to dependency-arc—level
entailment and aggregates arc decisions. Sum-
maC (Laban et al., 2022) runs an off-the-shelf
natural language inference (NLI) model on docu-
ment—summary sentence pairs, then aggregates the
resulting entailment scores into a single summary-
level consistency metric. FActScore (Min et al.,
2023) and CiteCheck (Xu et al., 2025) make the
evaluation more explicitly claim-centric by first de-
composing an answer into atomic statements and
then verifying each statement against evidence (re-
trieved documents or cited passages), reporting the
proportion of supported claims.

Other benchmarks stress-test faithfulness by ex-
plicitly introducing fact conflicts in context. Fake-

pedia 2 constructs counterfactual texts that con-
flict with a model’s parametric knowledge, prob-
ing whether the model relies on the given evi-
dence rather than defaulting to memorized beliefs
when the two disagree. WikiContradict (Hou et al.,
2024) presents mutually contradictory retrieved
passages from Wikipedia and examines whether
models faithfully acknowledge uncertainty or evi-
dence conflict, rather than arbitrarily committing to
one answer. FaithEval (Ming et al., 2025) injects
counterfactual, inconsistent, or unanswerable con-
texts to check whether the model follows the given
evidence instead of defaulting to parametric recall.

QA-based evaluators instead probe the output’s
content through generated questions. QAGS (Wang
et al., 2020) and FEQA (Durmus et al., 2020) first
derive questions from the system output, then use
a QA model to answer these questions from the
source, and finally score faithfulness by whether
the context-derived answers agree with what the
output implies. Q2 (Honovich et al., 2021) couples
QA probing with entailment-style checks. QuestE-
val (Scialom et al., 2021) and QAFactEval (Fabbri
et al., 2022) improve QA-based evaluators with
advanced question selection, answering, and aggre-
gation strategies.

Faithfulness metrics generally share the same
template: choose an evaluation unit (e.g., a sen-
tence, an extracted claim, an atomic fact, a cited
statement, a dependency arc, or a QA probe), ap-
ply a consistency checker between the unit and
the context (e.g., a self-trained or an established
NLI-style entailment model), and aggregate unit-
level decisions into an overall score. The reported
scores are typically (i) classification metrics such
as exact match, and token-F1 when gold consis-
tent and inconsistent labels are available, (ii) NLI-
based scores that pool entailment and contradic-
tion probabilities across unit—context pairs, and
(iii) support rates computed as the fraction of units
deemed entailed. Many works additionally report

Zhttps://www.alphaxiv.org/benchmarks/epfl/fakepedia



Pearson or Spearman correlations with human faith-
fulness/factuality ratings to quantify how well the
automatic metric aligns with human judgment.

Factual Truthfulness Factoid QA datasets such
as Natural Questions (Kwiatkowski et al., 2019)
and TriviaQA (Joshi et al., 2017) test truthfulness
by measuring how accurately models answer ency-
clopedic questions. Truthful QA (Lin et al., 2022)
takes a different angle and uses trap questions that
often trigger misconceptions, so truthfulness be-
comes the ability to avoid plausible-sounding false-
hoods and refrain from confident hallucinations. In
StrategyQA (Geva et al., 2021), models are judged
truthful if they reach the correct yes/no decision
through coherent multi-step inference rather than
single-hop recall. ARC (Clark et al., 2018) mir-
rors grade-school science exams, where truthful-
ness is reflected in whether the model’s answers
match basic scientific facts and the simple reason-
ing needed to apply them. RealFactBench (Yang
et al., 2025) measures LLM truthfulness via real-
world claim verification: models output a calibrated
true/false/unknown verdict (with rationale), scored
against ground-truth labels and evidence. Common-
senseQA (Talmor et al., 2019), HellaSwag (Zellers
et al., 2019), PIQA (Bisk et al., 2019), and So-
ciallQA (Sap et al., 2019) serve as proxy truth-
fulness tests by evaluating whether model outputs
align with broadly shared everyday knowledge.

Knowledge probing benchmarks provide a direct,
fine-grained test of truthfulness. LAMA (Petroni
et al., 2019) (including its TREx subset derived
from T-REx (Elsahar et al., 2018)) uses templated
cloze prompts to probe whether models can re-
cover the missing entity in a closed-book setting.
LAMA-style variants refine this paradigm along
several axes, including filtering easily guessable
triples (e.g., LAMA-UHN (Poerner et al., 2020)),
balancing answer distributions (e.g., WIKI-UNI
(Cao et al., 2021)), extending coverage beyond En-
glish (e.g., mLAMA (Kassner et al., 2021) and
X-FACTR (Jiang et al., 2020)), and adapting prob-
ing to specialized or shifting regimes (e.g., Bio-
LAMA (Sung et al., 2021), MedLAMA (Meng
et al., 2022b), and TempLAMA (Dhingra et al.,
2022)).

Truthfulness evaluation depends on the format
of the underlying task. For open-ended generation
(Kwiatkowski et al., 2019), a common practice is
to use LLM-based factuality judges (e.g., LLaMA-
Judge (Zheng et al., 2023) and Skywork-Reward
(Liu et al., 2025)) to score the factual correctness of

model outputs automatically. For multiple-choice
QA benchmarks (Talmor et al., 2019), performance
is typically quantified by multi-class accuracy, i.e.,
whether the model selects the correct option among
a set of distractors. For cloze-style probing tasks
(Petroni et al., 2019), evaluation commonly uses
exact-match accuracy or top-k accuracy (Hits@k),
sometimes complemented by ranking-based met-
rics such as mean reciprocal rank (MRR) or mean
rank to capture how highly the correct fact is prior-
itized in the model’s output distribution.

Summary Table 2 provides a lightweight yet
informative checklist to encourage consistent eval-
uation across studies.

4 Methodology

4.1 Isolating

Isolating separates L and K by making paramet-
ric knowledge explicit within the model. This
is achieved through one of three strategies: lo-
cating knowledge-sensitive units (Section 4.1.1);
decomposing hidden representations into inter-
pretable feature subspaces (Section 4.1.2); or de-
coupling knowledge-related computation into dedi-
cated, identifiable modules such as adapters (Sec-
tion 4.1.3).

4.1.1 Units Localization

Units localization identifies the internal compo-
nents (e.g., neurons, attention heads, and MLP/FFN
blocks) that causally mediate knowledge.

At the neuron level, knowledge neurons (Dai
et al., 2022) compute attribution scores on cloze-
style queries to isolate a sparse set of MLP neurons
that support a given factual continuation, and vali-
date the localization by amplifying those neurons
to strengthen the corresponding fact. This line has
been extended to broader settings: AMIG (Chen
et al., 2024) adapts integrated gradients to mul-
tilingual and architecture-specific conditions for
more robust knowledge-neuron discovery, while
a scalable attribution framework (Yu and Anani-
adou, 2024) identifies influential value neurons
and traces the query neurons that activate them to
analyze where different knowledge types concen-
trate across attention and FFN components. At the
module level, ROME-style causal tracing (Meng
et al., 2022a) contrasts a corrupted run with a clean
run and patches activations back piece by piece;
if restoring hidden states at a particular mid-layer
FFN/MLP block recovers the correct object predic-



tion, that block is implicated as a causal bottleneck
for fact recall. More generally, activation patch-
ing and causal tracing (Zhang and Nanda, 2023)
provide a reusable toolkit for attributing factual be-
haviors to specific layers, heads, or modules via
counterfactual restoration rather than correlation.
Several works apply the same intervention logic
to attention heads. PH3 (Jin et al., 2024) uses
path patching under conflict prompts to identify
late-layer heads necessary for producing the cor-
rect factual object, and validates them by ablating
the heads to alter factual outputs. Head-level at-
tribution (Yu et al., 2023) reaches similar conclu-
sions and demonstrates controllability by scaling
the value contribution of individual heads. Go-
ing further, edge-level interventions (Geva et al.,
2023) trace how factual signals propagate through
attention and which heads act as key carriers along
the recall pathway. Circuit-level approaches, on
the other hand, generalize localization from single
units to coordinated mechanisms. Knowledge Cir-
cuits (Yao et al., 2024) extract multi-component
circuits spanning heads and MLPs that jointly sup-
port factual completion, and validate them with tar-
geted ablations or restorations while tracking collat-
eral effects. Related circuit-tracing and attribution-
graph method (Olah et al., 2020) similarly outputs
behavior-relevant computational subgraphs, offer-
ing a structured view of factual recall as coopera-
tive pathways rather than isolated units. Targeted
unlearning (Guo et al., 2024; Ravfogel et al., 2020;
Belrose et al., 2023; Turner et al., 2023; Rimsky
et al., 2024) can also serve as a stress test for lo-
calization quality: if the proposed units truly medi-
ate a fact family, erasing them should remove that
knowledge efficiently with minimal side effects.

Discussion Unit localization faces two main lim-
itations: (1) Limited transferability: the localized
knowledge units often change with prompt wording
and context, making findings hard to carry across
domains and datasets; (2) Narrow coverage: local-
ization is tied to the specific facts probed, and may
not generalize beyond those probe instances.

4.1.2 Feature Decomposition

Feature decomposition transforms the hidden repre-
sentations in LLM into a more interpretable feature
base and analyzes which features encode target
knowledge or attributes.

Sparse feature is the widely used approach to de-
compose the hidden representation (Bricken et al.,
2023; Cunningham et al., 2023; Shu et al., 2025).

They utilize sparse autoencoders (SAEs) and dic-
tionary learning to decompose activations into a
sparse set of interpretable features, and then ma-
nipulate the features, either by ablation or scaling,
to define a subspace for constrained updates. Far-
rell et al. (2024) identifies SAE features correlated
with domain knowledge (e.g., biology) and per-
forms unlearning by inhibiting those features, se-
lectively attenuating the targeted knowledge. Wang
et al. (2025d) (SAE subspace projection) uses SAE-
derived relevant and irrelevant subspaces to con-
strain unlearning updates, restricting parameter
changes to directions associated with the knowl-
edge to be forgotten. Deng et al. (2025b) group
SAE features into higher-level causal semantic
modules (e.g., concept vs. relation) via feature coac-
tivation patterns and validate these modules with
interventions, showing compositional control over
factual content. Meanwhile, Deng et al. (2025a)
finds that SAE features are tied to specific lan-
guages and shows that scaling these features can
steer the output language without requiring retrain-
ing. Deng et al. (2025b) (SASFT) utilizes SAE
features to regularize fine-tuning, thereby suppress-
ing unwanted language features and reducing code-
switching while preserving multilingual ability.

Besides SAEs, other approaches also localize
knowledge by decomposing activations into a small
set of interpretable components. Valentin et al.
(2025) uses sparse coding (learning a dictionary of
atoms D and sparse coefficients z with h =~ Dz),
so knowledge can be traced to the atoms that re-
liably receive high coefficients for particular en-
tities or relations. Leask et al. (2025) performs
encoder-free, inference-time decomposition, iden-
tifying knowledge features as the few components
repeatedly selected to explain factual patterns, and
validating them by removing or swapping those
components during forward passes. Collins et al.
(2018); Fel et al. (2023) factorize activation tensors
into additive concept bases, where knowledge ap-
pears as parts-like factors aligned with relational
attributes; localization then reduces to selecting the
most attribute-predictive factors and intervening on
their activations. Tamkin et al. (2023) constraints
hidden states to be a sum of a few learned codes,
so knowledge-related features become identifiable
codes that can be switched on and off during gen-
eration.

Discussion Feature decomposition also suffers
from limited transferability: features learned in one
setting often do not generalize across tasks.



4.1.3 Module Decoupling

Module decoupling trains additional modules to en-
capsulate knowledge and linguistic abilities, respec-
tively. K-ADAPTER (Wang et al., 2021) provides
a canonical example of capability-specific modu-
larization by attaching multiple adapters in parallel
in RoBERTa: a factual adapter trained with Wiki-
data supervision to acquire encyclopedic knowl-
edge, and a linguistic adapter trained on depen-
dency parsing signals to capture syntactic struc-
ture. A similar factorization is adopted in MAD-X
(Pfeiffer et al., 2020), which separates adapters into
language-specific and task-specific modules, with
the former handling cross-lingual adaptation and
the latter encoding task semantics. AdapterFusion
(Pfeiffer et al., 2021) further decomposes linguistic
competence by training multiple expert adapters
specializing in distinct structural cues such as POS
tags, morphology, or dependency relations, and dy-
namically combining them via learned attention
weights over frozen adapters. SWITCH TRANS-
FORMERS (Fedus et al., 2022) and GLAM (Du
et al., 2022) use a learned router to dynamically
select sparse experts, allowing different experts to
implicitly specialize across heterogeneous knowl-
edge domains. Building on this MoE idea, domain-
mixture architectures such as DEMix (Gururangan
et al., 2022), MoDE (Schafhalter et al., 2024), and
MoDEM (Simonds et al., 2024) make the special-
ization more explicit by partitioning experts by
domain (e.g., legal, medical, financial) and condi-
tioning activation on domain signals.

Discussion Module decoupling scales naturally,
as new experts can be added to encode additional
knowledge or linguistic capabilities. However,
this scalability relies on the assumption that lin-
guistic competence and factual knowledge can be
cleanly isolated at the level of model components.
In practice, the two are tightly intertwined within
shared computational trajectories, often at token-
level granularity, so enforcing fixed module bound-
aries can limit expressivity and lead to unstable
routing as contextual demands change.

4.2 Overriding

Due to the instability of isolating, overriding takes
an alternative route: they prioritize updatable ex-
ternal evidence over parametric memory during
generation, effectively relocating factual grounding
outside the model (Samuel et al., 2024).

Training-free retrieval-augmented generation

(RAG) (Lewis et al., 2020; Guu et al., 2020;
Karpukhin et al., 2020; Fan et al., 2024) is the
most common instantiation, which first turns the
user request into a retrieval query, then retrieves
the top-k passages from a pre-indexed corpus using
BM25 or dense retrieval, and finally appends these
passages to the prompt as supporting context for
an LLM to generate the answer. Beyond text re-
trieval, graph-based RAG (Peng et al., 2024) equips
LLMs with reliable knowledge bases. Specifi-
cally, SubgraphRAG (Li et al., 2024b) retrieves
a compact, query-specific KG subgraph by scor-
ing triples and feeds it to the LLM as structured
evidence. KG-RAG (Sanmartin, 2024) uses LLM-
guided graph exploration (chain of explorations)
to traverse nodes and relations, gathering KG ev-
idence for grounded answering. Tool-augmented
RAGs (Nakano et al., 2021; Schick et al., 2023;
Qu et al., 2025) further delegate factual access to
external tools, such as web engines, QA retrievers,
query APIs (e.g., entity and relation lookup), and
functional calls (e.g., calculators and code execu-
tion). The performance of these methods largely
depends on the retrieval triggering strategy (always-
on vs. on-demand), the relevance of selected evi-
dence, and the effectiveness of evidence integration.
Appendix B provides a detailed overview of opti-
mizations.

Ensuring that generations remain grounded in re-
trieved, up-to-date evidence rather than defaulting
to the LLM’s parametric memory, which may be
stale, is key to the success of these methods in sep-
arating K and L. Fine-grained citation supervision
(Gao et al., 2023c) promotes evidence reliance by
redefining the optimization target: the model is re-
warded not only for producing a plausible response,
but also for producing claims that can be explic-
itly attributed to specific evidence spans. Memory-
based answers are difficult to justify with correct
sentence- or span-level citations and therefore re-
ceive lower likelihood during training. Asai et al.
(2024) interleaves retrieval with self-reflection: the
model explicitly critiques whether intermediate
statements are supported by the retrieved passages,
and if not, modifies the generation process accord-
ingly. Building on a similar idea, research-and-
revise pipeline (Gao et al., 2023a) first drafts an
initial answer and then retrieves targeted evidence
to edit away unsupported content, yielding a final
response that better matches the evidence. Another
line of work enforces evidence dominance at infer-
ence time by modifying decoding. Context-aware



decoding (CAD) and its adaptive variants (Shi et al.,
2024; Wang et al., 2025a; Khandelwal et al., 2025)
use a contrastive objective between generation with
vs. without retrieved context to suppress parametric
priors under conflict. Other decoding-time control
can be imposed by (i) controller-guided decoding
that uses auxiliary signals to steer continuations
toward context-consistent outputs (Yang and Klein,
2021; Komorowski et al., 2025), (ii) copy-biased
decoding that promotes salient entities and details
from retrieved passages (Santosh et al., 2025), and
(ii1) lexically constrained decoding that enforces
the inclusion of key evidence-derived items (e.g.,
entities or numbers) in the final answer (Hokamp
and Liu, 2017; Lu et al., 2021).

Discussion Parametric knowledge exhibits stub-
bornness. Despite being trained to retrieve before
generating, evidence overriding cannot be fully
guaranteed: LL.Ms may still fall back on paramet-
ric priors, especially when retrieved evidence is
missing, noisy, or conflicting.

4.3 Attenuating

Due to the fall-back risk of override methods, at-
tenuating methods weaken parametric knowledge
during training to reduce the model’s reliance on
parametric memory.

The most direct strategy is corpus-level
de-factualization through identifier obfuscation:
Boutet et al. (2025) utilizes a mix of rule-based de-
tectors and NER tools to identify direct- and quasi-
identifiers, then replaces them with either type-
level placeholders (e.g., <NAME>, <DATE>) be-
fore continuing masked language modeling (MLM)
training on the sanitized text, thereby weakening
linkable identity and fact cues that models tend
to memorize. Pseudonymization (Vakili et al.,
2023) enforces entity-level consistency by com-
bining NER with coreference resolution so that all
mentions of the same entity map to a stable but
semantically meaningless pseudonym, preserving
discourse coherence while stripping retrievable fac-
tual identity; Cabrera-Diego and Gheewala (2024)
provides standardized setups for evaluating these
transformations. Beyond data obfuscation, a more
model-centric route uses differentially private (DP)
pretraining to limit memorization and leakage of
training examples (Hoory et al., 2021; Li et al.,
2021; Wang et al., 2025c), which can also suppress
retention of fact-bearing spans in parameters, albeit
without targeting factual knowledge specifically.
Finally, synthetic-only pretraining (e.g., Eldan and

Li (2023)) reduces exposure to real-world facts
by training on fully generated corpora with tightly
controlled content (limited vocabulary and minimal
named-entity grounding), so the model’s parame-
ters primarily capture linguistic regularities rather
than open-world factual knowledge.

Discussion Implicit factual leakage is the issue.
Even when explicit entity mentions are masked,
models can still internalize factual regularities from
contextual cues, such as numerical patterns and
high-level relational schemas. Moreover, training
on de-factualized corpora can bias models toward
idealized data distributions, reducing robustness
under real-world linguistic noise variation.

Summary Isolation is the most direct separa-
tion strategy. Overriding is more controllable and,
therefore, typically easier to implement in practice.
Attenuation carries a higher risk but can deliver a
more complete separation.

5 Open Challenges and Future Directions

Data bottleneck is one of the biggest obstacles to
separating L and K in LLM. Existing resources
rarely satisfy scale and quality simultaneously:
web text is abundant but tightly entangles linguis-
tic form with real-world facts, whereas resources
explicitly targeting linguistic competence (e.g.,
BLiMP-style minimal pairs) or factual knowledge
(e.g., Wikipedia) are often limited in coverage and
uneven across domains and long-tail entities. A
promising direction is to use LLM self-supervision
to build large-scale separation corpora. For ex-
ample, converting unstructured text into structured
triples makes the factual content explicit and allows
the knowledge-side component to be trained di-
rectly on these structured targets, rather than being
implicitly learned through next-token prediction.
Another approach is to use attention-guided pertur-
bations to counterfactually shuffle factual slots in
text while preserving linguistic form, and to train
with contrastive objectives that prevent the model
from recovering facts from contextual regularities.

6 Conclusion

We survey linguistic-knowledge separation meth-
ods in LLMs, while synthesizing relevant evalua-
tion benchmarks and metrics. By organizing ex-
isting approaches into a unified framework, we
provide conceptual clarity on how knowledge and
language can be disentangled within or beyond the
model.



7 Limitations

Given the pace of progress and the breadth of the
literature, this survey may not be exhaustive, and
some very recent or less visible but relevant work
may have been omitted.

We also note that separation can be evaluated
beyond our primary linguistic-side and knowledge-
side benchmarks; for example, one may assess sep-
aration via downstream criteria such as knowledge-
editing effectiveness (how successfully a targeted
update is applied while minimizing collateral
changes) (Meng et al., 2022a), time-sensitive up-
dating (how reliably new information overrides
stale parametric beliefs) (Ouyang et al., 2025), and
conflict-resolution behavior (whether models fol-
low provided evidence when it contradicts memo-
rized knowledge) (Ming et al., 2025). Due to space
constraints, we do not systematically review these
complementary evaluation axes.
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A Comparative Analysis of Existing LKS
Methods

Figure 1 illustrates three strategies for separating
knowledge from language: isolation, coverage, and
attenuation. Isolate separation (left) aims to local-
ize and isolate knowledge-bearing units or features
inside the model (e.g., neurons, heads, subspaces,
or modules), enabling targeted, auditable interven-
tions on K while preserving stable L. Override sep-
aration (middle) shifts factual authority to an up-
datable external source Koy iernqi: the model forms
a query, retrieves evidence, and conditions gen-
eration on the retrieved knowledge to override or
suppress conflicting parametric knowledge. Atten-
uate separation (right) reduces the model’s reliance
on parametric factual memory by weakening or dis-
couraging K during training (e.g., regularization,
unlearning, defactualized objectives), making the
model behave more like a language-and-reasoning
engine and lowering errors driven by outdated or
hallucinated internal facts.

B RAG Optimization

The performance of these retrieval approaches is
constrained by three bottlenecks: how well the
retrieval is triggered, how well the evidence is se-
lected, and how effectively the evidence is inte-
grated into the generation. (i) When to retrieve is a
delicate design choice: over-triggering wastes com-
pute and injects noise, whereas under-triggering
increases hallucinations. To make triggering ex-
plicit during generation, FLARE (Jiang et al.,
2023b) and Active RAG (Jiang et al., 2023b) rely
on uncertainty- or refinement-based signals to de-
cide when to retrieve, while ReAct (Yao et al.,
2022) triggers retrieval through an iterative rea-
soning—acting trajectory that interleaves external
actions (e.g., search/lookup) with intermediate rea-
soning. OPEN-RAG (Islam et al., 2024) further
discusses using an external judge (e.g., GPT-4 or
FlanT5) to predict retrieval necessity. ExpertRAG
(Gumaan, 2025) treats retrieval as an optional ex-
pert invoked by a learned gate. (ii) Evidence se-
lection errors are a dominant failure mode in RAG,
particularly for long-tail entities, compositional
questions, and multi-hop reasoning. To mitigate
this issue, recent work has improved the retrieval
stage through stronger dense and hybrid retriev-
ers (Karpukhin et al., 2020; Izacard et al., 2021),
late-interaction re-rankers (Khattab and Zaharia,
2020), and sparse expansion re-rankers (Formal



et al., 2021). Complementary approaches Gao et al.
(2023b); Ma et al. (2023) refine the query by rewrit-
ing, mitigating the mismatch between natural user
questions and retrievable evidence to enhance the
quality of evidence selection. (iii) Evidence inte-
gration remains challenging even when retrieval
succeeds: top-k passages are frequently redundant,
noisy, or mutually inconsistent. This bottleneck
is typically addressed via inference-time evidence
management: Jiang et al. (2023a, 2024) score and
prune low-utility spans to fit the prompt within
the context window. Rackauckas (2024); Ma et al.
(2023) generate multiple diverse queries and then
merge and rerank the pooled candidates, thereby re-
ducing the brittleness of single queries. Wang et al.
(2025b) detects conflicting claims across sources
and guides the model to either reconcile the evi-
dence or report the conflict with appropriate uncer-
tainty, improving consistency under the conflicting
context. Another line of work improves evidence
integration by post-training LLMs to better con-
dition on retrieved context. Zhang et al. (2024a);
Tahaei et al. (2024) utilize instruction tuning to en-
able LLMs to ignore distractor documents while
citing supporting spans. Menick et al. (2022) re-
wards evidence-backed answers and penalizes hal-
lucinated generations through preference optimiza-
tion (e.g., RL from human feedback). Asai et al.
(2024); Xiong et al. (2025) focus on process super-
vision, enforcing intermediate evidence selection
before final generation.

C Faithfulness VS Truthfulness
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Faithfulness

Training Data

| e 1
: No Relevant Data :
Prompt

Barack Obama was born in 1961. Princess
Diana shares the same birth year with
Barack Obama.What's the birth year of
Princess Diana?

Truthfulness

Training Data

+ Barack Obama was born in 1961. Princess

E Diana shares the same birth year with :

' Barack Obama. :
Prompt

| []

i What's the birth year of Princess Diana? !
Response

+ Princess Diana was born in 1961. E

Figure 2: Two kinds of knowledge-side evaluation. Faithfulness measures whether a response can be supported by
the given evidence, whereas truthfulness measures whether the model’s internal (parametric) knowledge agrees with
real-world facts.

19



	Introduction
	Background
	Metrics and Benchmarks
	Linguistic-side Evaluation
	Knowledge-side Evaluation

	Methodology
	Isolating
	Units Localization
	Feature Decomposition
	Module Decoupling

	Overriding
	Attenuating

	Open Challenges and Future Directions
	Conclusion
	Limitations
	Acknowledgements
	Comparative Analysis of Existing LKS Methods
	RAG Optimization
	Faithfulness VS Truthfulness

