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Abstract
Large language models can be updated after
training by modifying parameters, condition-
ing on edit demonstrations, or supplying re-
trieved evidence. Yet successful factual up-
dates should do more than change one prompt:
they should generalize to related questions,
transfer across languages, suppress obsolete
facts, and preserve unrelated knowledge. This
is the problem of measuring cross-lingual rip-
ple effects of factual updates. The existing eval-
uations on multilingual knowledge injection,
however, focus on high-resource languages
like English, and it is unknown whether the
findings can transfer to Indic languages. In this
paper, we present INDICRIPPLE, a controlled
evaluation of multilingual factual updating
over 500 factual updates across five domains
and five languages: English, Hindi, Marathi,
Telugu, and Kannada. We compare parametric
editing, in-context editing, and retrieval-based
correction using ripple-oriented probes for log-
ical generalization, compositionality, subject
aliasing, relation specificity, and forgetfulness.
Our results show that current factual update
mechanisms show limited cross-lingual ripple
effects. IKE performs best overall but reaches
only 21.07% strict semantic-plus-language ac-
curacy; RAG often recovers the edited fact
but fails to answer in the requested language;
and ROME/MEMIT are frequently language-
compliant without semantically propagating
the update. Strict accuracy is consistently
higher for English evaluation than for the Indic-
language evaluations. These findings show
that direct update success overstates progress:
multilingual factual updating must be evalu-
ated as stable cross-lingual propagation, not
isolated prompt-level overwrite.

1 Introduction
Large language models (LLMs) store substantial
factual knowledge and are increasingly used in set-
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tings that depend on that knowledge, including
question answering, reasoning, and decision sup-
port. Factual knowledge is not static: entities
change roles, political offices turn over, scientific
facts are revised, and previously correct associa-
tions become outdated. Updating an entire model
for a small set of changed facts is often impractical,
motivating post-hoc factual updating: mechanisms
that inject a targeted factual association after train-
ing while preserving the rest of the model’s behav-
ior. Prior work studies several such mechanisms,
including parameter-editing methods that modify
internal representations, in-context methods that
condition the model on edit demonstrations (Zheng
et al., 2023), learning-based approaches that train
models to apply updated knowledge (Jiang et al.,
2024), and retrieval-based correction that supplies
updated evidence at inference time. Changing the
answer to one prompt is only a weak notion of fac-
tual update success. A factual update should prop-
agate to related formulations, aliases of the subject,
and reasoning contexts that depend on the same
fact. Cohen et al. (2024) formalize this broader be-
havior as ripple effects, showing that existing edit-
ing methods often fail to induce coherent down-
stream changes. Subsequent work further suggests
that these failures reflect deeper limitations in how
updated facts interact with related knowledge: Qin
et al. (2024) connect ripple behavior to gradient-
level relationships between facts, while Zhao et al.
(2024) study whether chain-of-thought in-context
editing can improve propagation. Together, this
makes direct update success an incomplete evalu-
ation target: what matters is whether the updated
fact becomes usable knowledge across the contexts
in which it is later queried.

The problem becomes sharper in multilingual
LLMs, where a fact may be updated in one lan-
guage but queried in another, requiring the model
to synchronize the updated association across lin-
guistic forms, scripts, and surface realizations.
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Figure 1: IndicRipple evaluation workflow. A factual association is edited in one language and then probed across
all evaluation languages using ripple-oriented diagnostics. This design separates direct edit success from cross-
lingual transfer, semantic generalization, old-fact suppression, and relation preservation.

Prior work has begun to expose this difficulty: mul-
tilingual updating can benefit from retrieved ev-
idence (Wang et al., 2024c), but edits often fail
to generalize reliably across languages (Wei et al.,
2025); multilingual factual knowledge may partly
rely on shared language-agnostic neurons (Zhang
et al., 2025), while robust evaluation depends on
aliases, translation quality, and repeated-edit be-
havior (Green et al., 2025). This challenge is espe-
cially relevant for Indic-language settings, where
script variation, typological diversity, and uneven
resource availability make cross-lingual propaga-
tion difficult to assume. Even before editing, mul-
tilingual LLMs often access factual knowledge un-
evenly across languages: prior work describes a
cross-lingual knowledge barrier, where a model
may know a fact in one language but fail to retrieve
or apply it in another (Chua et al., 2025; Goldman
et al., 2025). Yet controlled evidence remains lim-
ited for how factual updates behave across Indic
languages, especially under a shared protocol that
jointly tests direct success, related-prompt gener-
alization, cross-lingual transfer, relation preserva-
tion, and obsolete-fact suppression. This leaves
a central question unresolved for Indic-language
settings: when a multilingual model is given a
new factual association, does the update propa-

gate across other languages as stable cross-lingual
knowledge, or does it remain a local prompt-level
overwrite?

We address this question with INDICRIPPLE, a
controlled evaluation of multilingual factual up-
dating in English, Hindi, Marathi, Telugu, and
Kannada. Our human-validated dataset contains
500 counterfactual updates across five domains:
Country, Movies, Politics, Sports, and Tech-
nology, with each update paired with multilin-
gual diagnostic probes for Logical Generalization,
Compositionality-I, Compositionality-II, Subject
Aliasing, Relation Specificity, and Forgetfulness.
This yields 15,000 evaluation prompts before ex-
pansion, enabling analysis by method, model, do-
main, update language, evaluation language, and
diagnostic section. We compare four post-hoc fac-
tual update mechanisms: ROME, MEMIT, IKE,
and RAG, spanning parametric editing, in-context
editing, and retrieval-based correction, under a
common scoring contract that separates seman-
tic correctness, language correctness, and strict
semantic-plus-language success. Our results show
limited multilingual propagation: IKE performs
best overall but reaches only 21.07% strict com-
bined accuracy, ROME and RAG achieve similar
strict scores around 14.36–14.37%, and MEMIT
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falls to 6.99%. The aggregate scores hide dis-
tinct failure modes: RAG often recovers the up-
dated fact semantically but fails to produce it
in the requested language, whereas ROME and
MEMIT are frequently language-compliant with-
out semantically propagating the update. English
evaluation is consistently easier than the Indic-
language settings, which expose sharper failures in
cross-lingual propagation and multilingual output
fidelity. Our contributions are threefold:

• Benchmark. INDICRIPPLE is a human-
validated Indic-language benchmark for mul-
tilingual factual updating, covering 500 coun-
terfactual updates across five domains and
five languages.

• Unified evaluation. The benchmark com-
pares parametric and non-parametric factual
update mechanisms under the same multi-
lingual prompts, models, and semantic-plus-
language scoring contract.

• Empirical findings. Ripple-oriented diag-
nostics expose failure modes hidden by direct
update success, including weak cross-lingual
transfer, obsolete-fact persistence, relation-
specific instability, and semantic–language
mismatches.

2 Related Work
Knowledge editing has emerged as an efficient
alternative to full retraining for correcting out-
dated or incorrect facts in large language models.
Prior work spans direct parameter editing (Meng
et al., 2022), in-context editing (Zheng et al., 2023;
Nafee et al., 2025), and learning-based approaches
that train models to apply edited knowledge rather
than memorize replacement targets (Jiang et al.,
2024). Recent studies argue that local edit suc-
cess is insufficient: edits should propagate to re-
lated knowledge, paraphrases, and compositional
consequences. Ripple-oriented and associated-
knowledge analyses show that current methods of-
ten fail to induce coherent downstream updates and
that successful propagation depends on deeper rep-
resentational alignment (Cohen et al., 2024; Qin
et al., 2024; Zhao et al., 2024; Park et al., 2025b).
Other work highlights robustness concerns, show-
ing that sequential editing can cause attenuation,
forgetting, and collapse (Li and Chu, 2024, 2025;
Yang et al., 2024; Gupta et al., 2024a,b), that prior
context can reactivate the original fact (Park et al.,

2025a), and that editing can harm broader abilities
or appear stronger under synthetic evaluation than
it is in realistic settings (Gu et al., 2024; Yang et al.,
2025). Together, these works motivate evaluating
editing by generalization, robustness, and preserva-
tion of unrelated behavior, rather than direct over-
write success alone. Multilingual factual updating
extends these challenges by requiring an update
made in one language to remain valid across others.
Early cross-lingual studies show that edits transfer
unreliably, especially across scripts and language
families (Beniwal et al., 2024; Wang et al., 2024a).
Subsequent work has explored retrieval augmen-
tation, shared multilingual structure, explicit syn-
chronization, constrained sequential updates, and
in-context multilingual editing, showing that per-
formance depends on model size, prompt construc-
tion, and script type (Wang et al., 2024c; Zhang
et al., 2025; Wu et al., 2025; Sun et al., 2025;
Nie et al., 2025). Benchmarking studies show that
multilingual editing remains harder than monolin-
gual editing: methods often generalize poorly out-
side English, transfer better within language fam-
ilies than across them, and remain sensitive to
aliases, translation quality, and repeated edits (Wei
et al., 2025; Green et al., 2025). Our contribu-
tion lies in the joint evaluation design: INDICRIP-
PLE crosses edit language with evaluation language,
tests six ripple-oriented behaviors, and separates
semantic propagation from requested-language re-
alization across four underrepresented Indic lan-
guages, while comparing parametric, in-context,
and retrieval-based update mechanisms under the
same protocol. This complements multilingual
editing benchmarks and prior multilingual RAG
analyses by characterizing how factual interven-
tions propagate downstream rather than treating di-
rect edit success as the endpoint. (Park and Lee,
2025; Qi et al., 2025) Multilingual factual recall
helps explain why cross-lingual editing is difficult.
Even before editing, multilingual models often
give inconsistent answers to semantically equiva-
lent prompts across languages. Prior work shows
that factual accuracy and cross-lingual consistency
are distinct, and that transfer from high-resource
to lower-resource languages remains limited with-
out stronger representational alignment (Qi et al.,
2023; Xu et al., 2023). Recent studies describe
this as a cross-lingual knowledge barrier: models
that perform well on translation or surface multi-
lingual tasks can still struggle with deeper knowl-
edge transfer (Chua et al., 2025; Goldman et al.,
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2025; Xu et al., 2025). Mechanistic work attributes
these failures to interactions between language-
independent and language-specific recall, includ-
ing late-stage language-specific decoding, English-
centric recall pathways, and uneven multilingual
acquisition, while also showing that alignment su-
pervision, code-switching, and targeted interven-
tions can improve consistency (Wang et al., 2025;
Lu et al., 2025; Fierro et al., 2025; Ai et al., 2025;
Liu et al., 2025). This motivates our study: if mul-
tilingual LLMs already show weak factual consis-
tency before editing, then a successful update in
one language should not be assumed to propagate
coherently to others.

3 Methodology
We evaluate multilingual factual updating as a con-
trolled intervention problem. Given a factual up-
date, a post-hoc update mechanism should do more
than change the answer to the original edit prompt:
the update should remain valid across languages,
aliases, related questions, compositional contexts,
and probes that test whether obsolete knowledge
has been suppressed. To isolate these behaviors,
we use a shared protocol in which all mechanisms
are applied to the same edit instances and evalu-
ated with the same multilingual diagnostic probes,
answer aliases, scoring rules.

3.1 Task Definition
We represent a factual update as e = (s, r, o → n),
where s is the subject entity, r is the relation, o
is the original target, and n is the updated target.
For each update, we instantiate language-specific
edit prompts in English, Hindi, Marathi, Telugu,
and Kannada. Given an edit language ℓe, a post-
hoc update mechanism modifies the model, con-
ditions its inference context, or supplies external
evidence so that the updated association (s, r, n)
is preferred over the original association (s, r, o)
when queried in ℓe. After the update is introduced,
we evaluate the resulting model behavior in all five
languages, not only in the edit language. This de-
sign separates local update success from multilin-
gual propagation: a mechanism may succeed on
the edit prompt while failing to answer related or
cross-lingual probes correctly.

3.2 Dataset
INDICRIPPLE contains 500 factual updates across
five domains: Country, Movies, Politics, Sports,
and Technology. Each domain contributes 100

edit instances. Every instance contains three com-
ponents: an edit specification, language-specific
edit prompts, and multilingual evaluation probes.

Each edit is represented in five languages: En-
glish (en), Hindi (hi), Marathi (mr), Telugu (te),
and Kannada (kn). For each language, we store
the prompt realization, canonical answer, and ac-
cepted answer aliases. This alias-aware design
is important because multilingual factual answers
may appear through transliteration, script varia-
tion, abbreviation, or conventional alternate names.
The dataset was constructed through an LLM-
assisted translation and human-validation pipeline.
Original facts were drawn from publicly available
world knowledge in the five domains, and each
edit follows a synthetic counterfactual paradigm:
the old_target is the factually correct value for
the subject–relation pair, while the new_target is
a plausible but deliberately incorrect substitute of
the same fact type. Multilingual prompts, answers,
and aliases were first translated with LLM assis-
tance and were then reviewed by native-language
speakers, who corrected, filtered, or removed en-
tries when needed. The validation process checked
language coverage, script correctness, duplicated
subjects, missing fields, answer aliases, fact-type
consistency, and consistency across the six di-
agnostic sections. Additional construction and
quality-control details are provided in Appendix B.

3.3 Diagnostic Probe Design
For each factual update, we construct probes that
test whether the update behaves like usable knowl-
edge rather than a memorized answer. Table 2 sum-
marizes the six diagnostic sections. This yields
15,000 evaluation question–answer pairs (500× 5
evaluation languages ×6 sections), excluding the
2,500 edit prompts and before method/model ex-
pansion: 500 updates across five evaluation lan-
guages and six diagnostic sections. Because the
same update is evaluated across languages and
probe types, the benchmark supports analysis by
mechanism, model, domain, update language, eval-
uation language, and diagnostic section.

3.4 Illustrative Example
Consider a Sports-domain edit in which the rela-
tion POSITION_PLAYED for Messi is changed from
forward to defender. The English edit prompt
asks, “What role does Messi play in football?”,
with the updated target defender; corresponding
prompts are provided in Hindi, Marathi, Telugu,
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Dimension Values
Domains Country, Movies, Politics, Sports,

Technology
Edit instances 500 total; 100 per domain
Languages English, Hindi, Marathi, Telugu,

Kannada
Update mechanisms ROME, MEMIT, IKE, RAG
models Llama3-8B, Mistral-7B, Qwen2.5-

7B
Diagnostic sections Logical Generaliza-

tion, Compositionality-I,
Compositionality-II, Subject
Aliasing, Relation Specificity,
Forgetfulness

Metrics Semantic propagation; language
realization; end-to-end strict suc-
cess

Table 1: Summary of the INDICRIPPLE evaluation proto-
col.

Diagnostic section What it tests
Logical Generalization Recovery of the updated fact un-

der logically equivalent word-
ing.

Compositionality-I Use of the updated fact in a re-
lated compositional query.

Compositionality-II A second compositional variant
to reduce dependence on one
reasoning template.

Subject Aliasing Transfer of the update to alter-
nate mentions of the subject.

Relation Specificity Preservation of unrelated rela-
tions involving the same sub-
ject.

Forgetfulness Suppression of the obsolete tar-
get o after editing.

Table 2: Diagnostic sections used to evaluate post-
update behavior.

and Kannada. After the edit is applied in one lan-
guage, the model is evaluated with probes that do
not merely repeat the edit prompt. Logical Gen-
eralization asks whether Messi plays in defense;
Compositionality-I asks which area of the field he
mainly occupies; Compositionality-II asks what
his primary job would be if he were a defender;
Subject Aliasing replaces Messi with a fuller men-
tion such as Lionel Andrés Messi; Relation Speci-
ficity checks an unrelated fact such as the country
he represents; and Forgetfulness asks whether he is
still a forward. The same probe pattern is instanti-
ated across all evaluation languages with language-
specific prompts and answer aliases. Appendix A
provides the full multilingual edit instance, repre-
sentative probes, answer aliases, and a concrete
scoring example.

3.5 Factual Update Mechanisms and Base
Models

We compare four post-hoc factual update mech-
anisms: two parametric editors, ROME (Meng
et al., 2022) and MEMIT (Meng et al., 2023);
one in-context editing method, IKE (Zheng et al.,
2023); and one retrieval-based correction baseline,
RAG (Lewis et al., 2021; Wang et al., 2024c).
These mechanisms differ in where the update is
stored: ROME and MEMIT modify model param-
eters, IKE places the update in context through
demonstrations, and RAG supplies the updated
fact through retrieved evidence at inference time.
We implement ROME, MEMIT, and IKE using
EasyEdit (Wang et al., 2024b), which provides a
unified interface for knowledge-editing methods.
RAG follows the same prompt-level logging and
scoring pipeline, but supplies retrieved evidence
rather than modifying parameters. This setup gives
a shared behavioral comparison across paramet-
ric and non-parametric factual update mechanisms.
Experiments are conducted on multilingual 7B–
8B class models from three models: Llama3-8B
(Grattafiori et al., 2024), Mistral-7B (Jiang et al.,
2023), and Qwen2.5-7B (Qwen et al., 2025). We
use the checkpoint variant supported by each im-
plementation while keeping model scale and eval-
uation conditions comparable across mechanisms.

3.6 Experimental Protocol

A single experimental unit is defined as u =
(a,m, d, ℓe, i), where a is the factual update mecha-
nism,m is the base model, d is the domain, ℓe is the
edit language, and i is the edit instance. Each unit
corresponds to one factual intervention applied to
one model with one mechanism in one edit lan-
guage. For each unit, we load the correspond-
ing edit specification, initialize the mechanism-
specific configuration, and apply exactly one fac-
tual update. Mechanism-specific choices are con-
fined to the update stage: ROME applies a lo-
calized rank-one intervention, MEMIT applies a
memory-editing procedure for factual insertion,
IKE conditions the model through demonstrations
without modifying weights, and RAG supplies the
updated fact through retrieved evidence. After this
stage, all mechanisms are evaluated with the same
prompts, languages, answer aliases, and scoring
rules. The updated model behavior is evaluated
across all five evaluation languages and all six di-
agnostic sections. Edit-language success is com-
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puted on probes in ℓe, while cross-language trans-
fer is computed on probes in languages ℓ ̸= ℓe.
Relation preservation, forgetfulness, composition-
ality, and aliasing are measured under the same
multilingual evaluation contract.

3.7 Scoring and Metrics
Each evaluated response receives three aligned la-
bels. The semantic_correct label measures
whether the updated factual association is ex-
pressed after alias-aware normalization, while
language_correct measures whether the re-
sponse is produced in the requested evaluation
language. We use semantic accuracy for claims
about factual propagation and language accuracy
for requested-language realization. Their conjunc-
tion, strict_combined_check, measures end-
to-end strict success, requiring both semantic and
language correctness. The semantic and language
labels were assigned through an LLM-assisted,
human-validated scoring pipeline. Validators cor-
rected cases involving alias mismatch, mixed-
language output, transliteration, or correct answers
expressed in the wrong language. Appendix A.3
shows a concrete split-label example. Formally,
for prompt i, let

ysem
i , y

lang
i ∈ {0, 1}

denote semantic and language correctness. The
strict label is

ystrict
i = ysem

i · ylang
i .

For any prompt set S, we report

Acck(S) =
1

|S|
∑

i∈S
yki , k ∈ {sem, lang, strict}.

For section-language analysis, we report

Acck(q, ℓ) =
1

|Iq,ℓ|
∑

i∈Iq,ℓ
yki ,

where q is a diagnostic section and Iq,ℓ is the set of
prompts in section q and evaluation language ℓ.

We derive four main evaluation views from these
prompt-level labels:

• Edit-Language Success: strict accuracy on
prompts in the edit language ℓe;

• Cross-Language Transfer: strict accuracy
on prompts in languages ℓ ̸= ℓe;

• Forgetfulness Control: strict accuracy on
Forgetfulness probes, higher values indicate
better suppression of the obsolete target;

• Relation Preservation: strict accuracy on
Relation Specificity probes, where higher val-
ues indicate less collateral damage to unre-
lated knowledge.

We also analyze four outcome types: both
semantic and language correct, semantic-only,
language-only, and neither correct. This decom-
position is necessary because multilingual factual
updating can fail in two distinct ways: a mecha-
nism may express the updated fact in the wrong
language, or it may produce a fluent answer in
the requested language without reflecting the up-
date. The legacy did_edit_work field is retained
for reproducibility, but it is not used as the pri-
mary cross-method metric. All aggregate results
are computed from prompt-level outputs, with raw
generations and the three scoring labels retained
for reproducibility and error analysis; we provide
the full logging schema in Appendix F.

4 Results
We evaluate four update mechanisms, three base
models, five domains, five edit languages, five eval-
uation languages, and six diagnostic sections. The
complete evaluation grid contains 500 × 5 × 5 ×
6 × 3 × 4 = 900,000 labeled rows. We use se-
mantic accuracy for claims about factual propaga-
tion, language accuracy for requested-language re-
alization, and end-to-end strict success when both
are required. This separation is important be-
cause a mechanism may recover the updated fact
in the wrong language, or produce the requested
language without incorporating the update.

4.1 Multilingual Edit Propagation Remains
Weak

The main result is that none of the evaluated
methods produces reliable multilingual edit prop-
agation. As shown in Figure 2 (left), IKE is
the strongest overall method, but it reaches only
21.07% strict accuracy. ROME and RAG have
statistically indistinguishable end-to-end success
(14.37% and 14.36%, respectively; Appendix 7),
while MEMIT falls to 6.99%. The best individ-
ual method–model cell is IKE on Qwen2.5-7B,
which reaches 25.10% strict accuracy. Even the
best method succeeds on only about one quarter
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Figure 2: Strict combined accuracy across methods, models, and diagnostic sections. Left: method–model results
show that IKE is the strongest overall method, with the best cell obtained by IKE on Qwen2.5-7B. Right: method–
section results show that performance depends strongly on the type of ripple probe, with especially large gaps on
aliasing, relation specificity, and forgetfulness.

of strict evaluations in its strongest model setting.
IKE is the most balanced approach across models,
whereas MEMIT is consistently weak. ROME and
RAG achieve similar strict scores overall, but their
similarity hides different failure modes, which we
analyze next.

4.2 Strict Accuracy Reveals Different Failure
Modes

The split-label evaluation shows that methods with
similar strict scores can fail for different reasons.
RAG on Qwen2.5-7B achieves the highest seman-
tic correctness in the method–model matrix, reach-
ing 46.18%, but its strict score drops to 15.25% be-
cause language correctness is much lower. In con-
trast, ROME is highly language-compliant across
models, but its strict accuracy remains moderate
because semantic propagation is weak. This con-
trast exposes two bottlenecks in multilingual fac-
tual updating. Retrieval can help recover the up-
dated fact, but this is insufficient if the model fails
to answer in the requested language. Conversely,
parametric editing can preserve the requested lan-
guage form while failing to propagate the new fact.
Thus, strict multilingual update success requires
both semantic propagation and language-faithful
realization; optimizing only one dimension over-
states performance.

4.3 Ripple Probes Expose Section-Specific
Weaknesses

Performance varies substantially across diagnos-
tic sections, confirming that edit success is not a
single behavior. Figure 2 (right) shows that IKE
performs best on RELATION SPECIFICITY (27.07%)

and SUBJECT ALIASING (26.09%), suggesting that
it is comparatively better at preserving unre-
lated relations and transferring the edit to alter-
nate mentions of the subject. RAG performs
best on FORGETFULNESS (18.93%) and remains
strong on SUBJECT ALIASING (22.82%), indicat-
ing that retrieved evidence can help suppress ob-
solete facts and support some paraphrastic gener-
alization. The same section-level view also re-
veals severe weaknesses. MEMIT reaches only
0.49% on COMPOSITIONALITY-I and 0.38% on SUB-
JECT ALIASING, indicating that the edit rarely sur-
vives compositional or alternate-mention probes.
ROME is more even across sections, but remains
bounded by low semantic correctness. IKE is the
strongest method on most sections, but its weaker
performance on FORGETFULNESS shows that sup-
pressing obsolete facts remains difficult even for
the best-performing approach. These results jus-
tify the ripple-oriented design of INDICRIPPLE. A
direct edit prompt alone would miss whether the
updated fact transfers to aliases, composes with
related contexts, preserves unrelated relations, or
suppresses the original target. The diagnostic sec-
tions show that methods do not merely differ in
how often they succeed; they differ in what kind
of knowledge behavior they fail to support.

4.4 English Dominates, while Indic-Language
Evaluation Remains Fragile

Strict accuracy is much higher in English than in
the Indic-language evaluations. Directional trans-
fer analysis further shows that this gap is not only
a language-realization effect. Indic-language ed-
its evaluated in English reach 27.17% semantic ac-
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curacy and 22.36% end-to-end success, whereas
English edits evaluated in the Indic languages
reach 17.40% semantic accuracy and 7.30% end-
to-end success. Hindi–Marathi transfer is also
stronger (29.27% semantic; 19.97% end-to-end)
than Telugu–Kannada transfer (11.49%; 4.62%)
or transfer across these language pairs (14.71%;
6.51%). We treat these differences as descrip-
tive rather than causal, since five languages can-
not independently isolate script, typology, re-
source level, tokenization, and pretraining expo-
sure. For IKE, English reaches 48.41% strict ac-
curacy, compared with 15.70% in Hindi, 11.47%
in Marathi, 15.19% in Telugu, and 14.59% in Kan-
nada. RAG follows the same broad pattern, with
its strongest performance in English and weaker re-
sults in non-English settings. ROME and MEMIT
often remain language-compliant in non-English
outputs, but their strict scores remain low, espe-
cially in Telugu and Kannada. Appendix C.3 gives
the full evaluation-language breakdown, and Ap-
pendix C.2 reports the edit-language to evaluation-
language transfer matrix. This pattern shows that
multilingual editing failures are not only failures of
answer formatting. In several non-English settings,
models can produce text in the requested language
while failing to propagate the edited fact. En-
glish therefore gives an optimistic estimate of up-
date success: English performance overstates how
well the same update behaves in Indic-language set-
tings.

4.5 Domain Effects Are Smaller than Method
and Language Effects

Domain-level variation is present but less decisive
than method and language variation. IKE is the
most stable method across domains, with strict ac-
curacy ranging from 19.97% to 22.93%. RAG
is weakest on Sports (10.27%) and strongest on
Technology (16.03%), while ROME is also weak-
est on Sports. MEMIT remains low across all
five domains, with only modest gains in Politics
and Technology. These results suggest that mul-
tilingual edit propagation is not uniformly diffi-
cult across factual categories, but the dominant
factors are still the editing method and the evalu-
ation language. Domain variation matters, espe-
cially for Sports, but it does not change the overall
ranking: IKE remains strongest, MEMIT remains
weakest, and RAG/ROME continue to reflect dif-
ferent semantic-versus-language bottlenecks. The
full domain-level heatmap and numeric table are

provided in Appendix C.4.

4.6 Outcome Decomposition Explains
Similar Aggregate Scores

To explain why similar strict scores can arise from
different behaviors, we decompose outputs into
four categories: both semantic and language cor-
rect, semantic-only, language-only, and neither.
This decomposition, reported in Appendix C.1,
shows that IKE has the largest both-correct re-
gion, consistent with its strongest strict perfor-
mance. RAG has a large semantic-only region,
meaning that it often recovers or states the edited
fact but fails to produce it in the requested lan-
guage. ROME and MEMIT show the opposite
pattern: their outputs are dominated by language-
only cases. They often answer in the requested lan-
guage, but the answer does not reflect the edited
fact. This explains why their language correctness
is high while strict accuracy remains much lower.
Overall, the decomposition supports the central
finding of this section: multilingual factual updat-
ing is constrained by two separable bottlenecks,
semantic propagation and multilingual realization,
and current methods solve neither reliably.

5 Discussion

Our results show that multilingual factual updat-
ing is not a single factual-overwrite problem, but
a coupled problem of semantic propagation and
language-faithful realization. A method may per-
form well along one axis while failing along the
other: retrieval can provide the right factual signal
without producing an answer in the requested lan-
guage, while parameter-editing methods can pre-
serve language form without reliably propagating
the edited fact. This separation explains why di-
rect edit success, semantic correctness alone, or
language compliance alone can give an overly op-
timistic view of editing performance. The cross-
lingual results further show that factual updates
do not automatically become shared multilingual
knowledge. English remains substantially easier
than Hindi, Marathi, Telugu, and Kannada, and
this gap persists across editing paradigms. For
Indic-language settings, this matters because script
variation, typological diversity, and uneven pre-
training coverage make prompt equivalence a weak
proxy for knowledge equivalence. An edit that
works in one language may still fail when the
same fact is queried through another linguistic

3808



form. These findings motivate a stricter evalua-
tion standard for multilingual factual updating. A
successful editor should not merely flip the answer
to one prompt; it should carry the edited fact to
related probes, support aliases and compositional
contexts, preserve unrelated relations, suppress ob-
solete facts, and remain usable across languages.
Ripple-oriented evaluation is therefore not an aux-
iliary stress test; it measures whether an update be-
comes stable, integrated, and cross-lingually acces-
sible knowledge.

6 Conclusion

We presented INDICRIPPLE, a controlled evaluation
of multilingual factual updating in English, Hindi,
Marathi, Telugu, and Kannada across five domains
and six ripple-oriented diagnostic sections. Com-
paring ROME, MEMIT, IKE, and RAG, we find
that current methods remain far from reliable mul-
tilingual propagation: IKE is the strongest overall
method, but performance remains low under strict
semantic-plus-language evaluation, while RAG,
ROME, and MEMIT expose different semantic
and linguistic bottlenecks. Overall, our results
show that multilingual factual updating cannot be
evaluated through direct edit success alone; factual
updates must be tested by whether they generalize,
transfer, preserve unrelated knowledge, and sup-
press obsolete facts across languages.

Limitations

Our study is designed as a controlled evaluation
rather than a complete account of multilingual
factual updating. The synthetic counterfactual
design provides experimental control by fixing
the intended intervention and avoiding checkpoint-
specific ambiguity about whether a model already
knows a naturally changing fact. However, it does
not capture all properties of real knowledge mainte-
nance, such as temporal evolution, source disagree-
ment, ambiguity, or conflicting evidence; our con-
clusions therefore concern controlled factual inter-
ventions rather than the full complexity of naturally
occurring updates. First, we evaluate 7B–8B class
multilingual models, so the results may not directly
transfer to substantially larger proprietary models
or instruction-tuned systems with stronger multi-
lingual alignment. Second, the benchmark covers
five languages and five factual domains; broader
coverage across additional Indic languages, lan-
guage families, and domain types may reveal dif-

ferent transfer patterns. Third, our strict metric de-
pends on canonical answers and accepted aliases,
which improves reproducibility but may under-
count semantically valid paraphrases not included
in the alias set. Finally, our RAG baseline sepa-
rates retrieval from generation, but more advanced
retrieval and answer-control mechanisms may im-
prove language fidelity. These limitations do not
change the central finding that direct edit success
is insufficient, but they define the scope of the em-
pirical conclusions.
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A Worked Example of a Multilingual
Edit

This appendix gives a concrete walkthrough of one
experimental unit in INDICRIPPLE. We use a repre-
sentative Sports-domain example in which the rela-
tion POSITION_PLAYED for Messi is edited from for-
ward to defender. The example illustrates how mul-
tilingual edit prompts, diagnostic probes, answer
aliases, and split-label scoring are constructed.

A.1 One Edit Instance Across Five
Languages

Table 3 shows the same factual update instantiated
across the five languages in our benchmark.

A.2 Diagnostic Probe Construction
Each edit is paired with probes that test whether the
update generalizes beyond the edit prompt. Table 4
shows one representative probe from each diagnos-
tic section for the same example.

A.3 Answer Aliases and Split-Label Scoring
Each probe is paired with a canonical answer and
accepted aliases. Scoring then assigns three la-
bels: semantic correctness, language correctness,
and strict combined correctness.

B Dataset Construction and Quality
Control

Source of original facts. Original facts were
drawn from publicly available world knowledge
across five domains: Country, Movies, Politics,
Technology, and Sports. The selected subject–
relation pairs cover facts such as country capitals,
currencies, languages, movie directors and studios,
political affiliations and offices, company founders
and headquarters, and sports positions, national-
ities, team affiliations, coaches, and specializa-
tions. We selected well-known entities with com-
paratively unambiguous factual values so that the
original target could be checked against general en-
cyclopedic knowledge.

Synthetic counterfactual edits. Each entry fol-
lows a synthetic counterfactual editing paradigm.
The old_target is the factually correct value for
the subject–relation pair, while the new_target
is a plausible but deliberately incorrect substitute
of the same fact type. For example, cities replace
cities, awards replace awards, organizations re-
place organizations, and sports roles replace sports
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Language Edit Prompt New Target

English What role does Messi play in football? defender
Hindi फुटबॉल में मेसी कौन सी भूिमका िनभाते हैं? िडफें डर
Marathi फुटबॉलमध्ये मेस्सी कोणती भूिमका बजावतो? संरक्षक
Telugu ఫుట్‍ బాల్‍ లో మెసీస్ ఏ పాతȷ పోషిసాత్ డు? రకష్కుడు
Kannada ಫುಟ್ ęಾಲ್ ನಲಿ್ಲ ಮೆಸಿ್ಸ Ĝಾವ ėಾತ್ರ ನಿವರ್ಹಿಸುĒಾ್ತರೆ? ರಕ್ಷಕ

Table 3: Example multilingual edit instance. The same factual update is expressed through language-specific
prompts and target realizations.

Section Representative Probe

Logical Generalization మెసీస్ ఫుట్‍ బాల్‍ లో రకష్ణలో ఆడుతాడా?
Compositionality-I मैच के दौरान मेसी मुख्यतः मैदान के िकस िहस्से में रहते हैं?
Compositionality-II जर मेस्सी संरक्षक असेल, तर मैदानावर त्याचं मुख्य काम काय असतं?
Subject Aliasing What role does Lionel Andrés Messi play in football?
Relation Specificity ಮೆಸಿ್ಸ Ĝಾವ ದೇಶವನು್ನ ಪ್ರತಿನಿಧಿಸುĒಾ್ತರೆ?
Forgetfulness क्या मेसी फुटबॉल में फॉरवडर् हैं?

Table 4: Representative probes from the six diagnostic sections. The probes test logical generalization, composi-
tional use, alias robustness, relation preservation, and obsolete-fact suppression.

roles. This design avoids incoherent substitutions
while allowing controlled measurement of whether
an editing method propagates the injected counter-
factual across languages and diagnostic probes.

LLM-assisted multilingual generation. Multi-
lingual prompts, answers, and aliases were gener-
ated through an LLM-assisted process. The gen-
eration instructions encouraged natural phrasing
in each language, correct script use, and seman-
tically consistent aliases rather than literal word-
for-word translation. For each question–answer
pair, aliases were generated to cover common para-
phrases, transliterations, abbreviations, or equiva-
lent answer forms where applicable.

Human validation and filtering. After LLM-
assisted generation, multilingual prompts, canon-
ical answers, aliases, and transliterations were re-
viewed by native-language speakers, who checked
naturalness, script correctness, fact-type consis-
tency, and agreement across diagnostic probes.
The scoring task is deliberately constrained rather
than preference-based: it asks two binary ques-
tions, whether the expected updated target or an
accepted alias is expressed, and whether the re-
quested language is used. LLM-assisted scor-
ing applies this fixed rubric at scale; mixed-
language, transliterated, unexpected-alias, or ex-
planatory outputs were manually inspected and

corrected under the same criteria. Thus, human
validation serves as targeted quality control rather
than open-ended subjective annotation.

Diagnostic-section consistency checks. We
also checked section-specific validity. In particu-
lar, Forgetfulness probes were checked to ensure
that they referenced the obsolete target rather
than the new target; Relation Specificity probes
were checked to ensure that they tested unrelated
relations; and compositional probes were checked
to ensure that they contained enough context to
require use of the edited fact. These checks were
applied iteratively until the final files satisfied the
dataset-level validation checklist.

Prompt accounting. The benchmark contains
five domain files with 100 edit instances each, for
a total of 500 factual edits. Each edit is instanti-
ated in five languages, yielding 2,500 edit prompts.
Each edit also contains six evaluation question–
answer pairs in each of the five languages, yield-
ing 15,000 evaluation question–answer pairs be-
fore alias expansion. In total, the dataset contains
17,500 prompts before method and model expan-
sion.

Scope of validation. Although the dataset was
created with LLM assistance, it should not be
treated as raw LLM-generated data. The final
benchmark was human-reviewed, filtered, and cor-
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Field Value

Probe क्या मेसी फुटबॉल में िडफें स में खेलते हैं?
Expected answer हाँ
Accepted aliases सही, िबलकुल, िनिश्चत रूप से
Model output yes, messi plays defense in soccer.
semantic_correct 1
language_correct 0
strict_combined_check 0
Reason The response is semantically affirmative, but it is not produced in

Hindi. It therefore passes the semantic check but fails the strict
combined check.

Table 5: Example of split-label scoring. The output expresses the edited fact but fails the requested-language
constraint.

rected, including native-language validation of
multilingual content. At the same time, as with
any multilingual benchmark, some residual imper-
fections may remain in phrasing, alias coverage, or
counterfactual target choice. We therefore retain
prompt-level outputs and split-label scores to sup-
port later inspection of individual cases.

B.1 Implementation Details
We used EasyEdit (Wang et al., 2024b) as the
implementation framework for the knowledge-
editing methods. ROME, MEMIT, and IKE were
run through the EasyEdit editing interface using
method-specific configurations compatible with
the corresponding base checkpoints. RAG was
evaluated under the same prompt-level logging
and scoring pipeline, but differs from the para-
metric editors because it supplies the updated fact
through retrieved evidence at inference time rather
than modifying model parameters. For repro-
ducibility, each experimental run records the edit-
ing method, base model, domain, edit language,
evaluation language, diagnostic section, edit in-
stance, edit prompt, evaluation prompt, expected
answer set, generated response, and split-label
scores. We keep method-specific configuration
files and prompt-level generations so that aggre-
gate results can be recomputed from the logged out-
puts.

C Additional Result Breakdowns

This appendix provides additional aggregate re-
sults under the same split-label protocol used in
the main paper. Unless otherwise specified, all
values are row-weighted percentages over the final

Method Both Sem. only Lang. only Neither

IKE 21.07 11.14 33.84 33.94
RAG 14.36 14.15 28.96 42.52
ROME 14.37 1.40 72.50 11.73
MEMIT 6.99 2.55 65.36 25.10

Table 6: Outcome decomposition by method. All val-
ues are percentages.

Method Semantic Language End-to-end strict [95% CI]

IKE 32.22 54.92 21.07 [20.56, 21.62]
RAG 28.51 43.32 14.36 [13.83, 14.92]
ROME 15.77 86.87 14.37 [14.02, 14.73]
MEMIT 9.54 72.35 6.99 [6.72, 7.28]

Table 7: Method-level semantic accuracy, language ac-
curacy, and end-to-end strict success. Confidence inter-
vals are 95% percentile intervals from a clustered boot-
strap over the 500 edit instances, keeping all associated
evaluation rows together within each resample.

cleaned evaluation rows. The figures are ordered
to support the main results narrative: outcome de-
composition, cross-language transfer, evaluation-
language effects, and domain sensitivity.

C.1 Outcome Decomposition
Figure 3 decomposes each method’s outputs into
four mutually exclusive cases: both semantic and
language correct, semantic-only, language-only,
and neither. This view explains why methods with
similar strict scores can still fail in different ways.

Table 6 reports the corresponding numeric val-
ues.

For RAG versus ROME, the paired end-to-end
difference is −0.004 percentage points with 95%
CI [−0.53, 0.57]; we therefore treat their end-to-
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Figure 3: Outcome decomposition by method. “Semantic + language” corresponds to strict combined success.
RAG has a larger semantic-only region, while ROME and MEMIT are dominated by language-only outputs.

Method English Hindi Marathi Telugu Kannada

IKE 48.41 15.70 11.47 15.19 14.59
RAG 24.83 15.15 11.23 12.34 8.28
ROME 21.66 18.94 18.25 7.42 5.58
MEMIT 11.41 13.24 2.52 3.24 4.57

Table 8: Strict combined accuracy by evaluation lan-
guage.

end performance as statistically indistinguishable.

C.2 Edit-Language to Evaluation-Language
Transfer

Figure 4 shows the cross-language transfer matrix
under strict combined accuracy. Rows correspond
to the language used for editing, and columns cor-
respond to the language used for evaluation.

This matrix complements the main results by
showing that cross-lingual propagation is asym-
metric: performance is not determined only by the
evaluation language, but also by the language in
which the edit is introduced.

C.3 Evaluation-Language Breakdown
Figure 5 reports strict combined accuracy across
evaluation languages for each method. English is
the strongest evaluation language across methods,
while the Indic-language settings expose larger
semantic–language bottlenecks.

Table 8 gives the corresponding values.

C.4 Domain Breakdown
Figure 6 reports strict combined accuracy by do-
main and method. Domain effects are present, but
they do not change the overall method ranking:
IKE remains strongest and MEMIT remains weak-
est.

Table 9 reports the corresponding values.

D Additional Diagnostic Tables

D.1 Method–Model Split Metrics
Table 10 reports the full method–model split-label
summary. This table supports the main-text claim
that high semantic correctness and high language
correctness do not necessarily coincide.

D.2 RAG Retrieval Versus Final Answer
Correctness

Table 11 separates retrieval success from final an-
swer correctness for RAG. Retrieval success is
identical across models because retrieval is model-
independent in our setup, but final strict accuracy
varies substantially across generators.

D.3 Strongest and Weakest
Method–Model–Section Cells

Table 12 reports the strongest strict-accuracy cells
across method, model, and diagnostic section. The
strongest cells are dominated by IKE, with RAG
strongest in Mistral-7B Forgetfulness.
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Figure 4: Cross-language transfer matrix under strict combined accuracy. The diagonal measures same-language
edit/evaluation behavior, while off-diagonal cells measure transfer to other languages. English-centered cells are
substantially stronger than most Indic-language transfer cells.

Method Country Movies Politics Sports Technology

IKE 21.34 20.47 22.93 20.65 19.97
RAG 14.89 15.06 15.57 10.27 16.03
ROME 15.24 14.33 15.06 12.60 14.60
MEMIT 5.67 7.19 7.76 6.94 7.42

Table 9: Strict combined accuracy by domain.

Table 13 reports the weakest cells. These fail-
ures are concentrated in MEMIT on Subject Alias-
ing and Compositionality-I, with additional low-
performing RAG and MEMIT Forgetfulness cells.

E Dataset and Evaluation Accounting

Table 14 summarizes the row accounting after
cleanup and balancing. Each method contributes
225,000 evaluated rows, corresponding to 75 pri-
mary CSV files with 3,000 rows per file.

F Prompt-Level Logging Schema

For reproducibility, we store one row per eval-
uated prompt. Each row records the method,
model, domain, edit language, evaluation
language, diagnostic section, edit instance,
subject, relation, old target, new target, edit
prompt, evaluation prompt, expected answer
set, model response, and the three scoring la-

bels: semantic_correct, language_correct,
and strict_combined_check. The original
did_edit_work field is retained as a legacy
pipeline score, but it is not used as the primary
metric.

The compact prompt-level schema is:

method, model, domain,
edit_lang, eval_lang, section,
example_idx, subject,
relation, old_target,
new_target,
edit_prompt, eval_prompt,
expected_answer,
model_response,
semantic_correct,
language_correct,
strict_combined_check,
did_edit_work

This storage format allows all aggregate metrics
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Figure 5: Strict combined accuracy by evaluation language and method. English is consistently easier than the
Indic-language evaluations, while Marathi, Telugu, and Kannada expose sharper method-specific weaknesses.

Method Model Rows Semantic Language Strict Original did

IKE Llama3-8B 75,000 32.17 40.93 22.35 24.69
IKE Mistral-7B 75,000 25.15 68.49 15.77 24.93
IKE Qwen2.5-7B 75,000 39.33 55.32 25.10 28.85
RAG Llama3-8B 75,000 11.44 24.61 9.59 9.59
RAG Mistral-7B 75,000 27.93 70.51 18.25 18.25
RAG Qwen2.5-7B 75,000 46.18 34.86 15.25 15.25
ROME Llama3-8B 75,000 18.08 87.96 16.61 19.16
ROME Mistral-7B 75,000 12.43 78.73 10.65 14.25
ROME Qwen2.5-7B 75,000 16.79 93.92 15.86 19.29
MEMIT Llama3-8B 75,000 11.20 72.84 8.44 7.56
MEMIT Mistral-7B 75,000 6.89 61.44 4.65 7.59
MEMIT Qwen2.5-7B 75,000 10.54 82.77 7.90 12.92

Table 10: Method–model split-label summary. All metric values are percentages.

Model Retrieval Semantic Language Strict

Llama3-8B 81.93 11.44 24.61 9.59
Mistral-7B 81.93 27.93 70.51 18.25
Qwen2.5-7B 81.93 46.18 34.86 15.25

Table 11: RAG retrieval success compared with seman-
tic, language, and strict combined correctness. All val-
ues are percentages.

to be recomputed from prompt-level outputs and
supports later inspection of failure modes such as
language drift, alias mismatch, empty generations,
obsolete-fact persistence, and collateral corruption
of unrelated relations.
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Figure 6: Domain sensitivity under strict combined accuracy. IKE is comparatively stable across domains, while
RAG and ROME are weaker on Sports and MEMIT remains low across all domains.

Method Model Section Strict Semantic Language

IKE Qwen2.5-7B Subject Aliasing 38.21 41.33 74.37
IKE Llama3-8B Relation Specificity 37.45 49.92 48.42
RAG Mistral-7B Forgetfulness 33.80 38.27 80.23
IKE Qwen2.5-7B Compositionality-I 33.38 36.21 71.33
IKE Llama3-8B Logical Generalization 31.90 54.74 42.27
IKE Qwen2.5-7B Compositionality-II 30.82 35.56 63.78
RAG Mistral-7B Subject Aliasing 26.47 45.67 65.90
MEMIT Llama3-8B Relation Specificity 26.00 32.96 78.84
IKE Mistral-7B Relation Specificity 25.67 41.85 67.08
IKE Llama3-8B Subject Aliasing 24.12 26.81 46.65

Table 12: Top method–model–section cells by strict combined accuracy. All values are percentages.

Method Model Section Strict Semantic Language

MEMIT Mistral-7B Subject Aliasing 0.14 0.22 55.92
MEMIT Mistral-7B Compositionality-I 0.34 0.46 60.56
MEMIT Llama3-8B Subject Aliasing 0.46 0.49 63.44
MEMIT Llama3-8B Compositionality-I 0.53 0.78 67.48
MEMIT Qwen2.5-7B Subject Aliasing 0.54 0.65 81.60
MEMIT Qwen2.5-7B Compositionality-I 0.61 0.70 75.04
RAG Llama3-8B Forgetfulness 2.47 2.48 19.00
RAG Mistral-7B Logical Generalization 2.68 4.89 78.24
MEMIT Mistral-7B Forgetfulness 3.08 4.28 63.88
MEMIT Llama3-8B Forgetfulness 4.28 4.44 76.56

Table 13: Bottom method–model–section cells by strict combined accuracy. All values are percentages.
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Method CSV files Rows Rows/file

IKE 75 225,000 3,000
RAG 75 225,000 3,000
ROME 75 225,000 3,000
MEMIT 75 225,000 3,000

Total 300 900,000 –

Table 14: Final evaluation row accounting after cleanup
and balancing.

3819


