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1. Introduction & Motivation
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What is Language Confusion?

Multilinguality of LLMs
® LLMs like GPT-4, PaLM 2, and Llama 3 are now widely used for
multilingual applications.
e Early LLMs were trained mainly on English (English-centric
LLMs), with limited multilingual capability.
e Recent advances (multilingual pretraining, instruction tuning)

have improved non-English support, but challenges remain, e.g.

language confusion.
What is Language Confusion?

Language confusion is when an LLM generates text in an unintended
language, failing to match the user’s request.

Examples of different types of language confusion:

(Marchisio et al., 2024)

Sept. 2025

Full-response Confusion

Prompt: clbaVl oS3l st & e dle smga Jss c_um agdll ¢ gus o
Sl 8 3503

Completion: Here are some common misconceptions
about using Artificial Intelligence (Al) to enhance human
capabilities:

a. *Misconception 1: Al will replace humans**...

Line-level Confusion

Prompt: Proporciona cinco conceptos innovadores para
dispositivos de realidad aumentada aplicados a la
educacion.

Completion: Aqui are five innovative concepts for
augmented reality devices in education:
1. "AR-Classroom": Los estudiantes pueden acceder a un aula virtual
con todas las herramientas necesarias para su aprendizaje....

Word-level Confusion

Prompt: ITYRRLIZ3 DD EEEFEAL T, @ALVYEEZ1S00XF
UREBWVWT - Tayia—24EVT &Y

Completion: .. RIADFEERIRT LB RIGONF-ZENEoMIT

2otz DAVIEB D DT RAVIZEY . BFRELLSEFHATz, LHL.

ELELETHD BYFFETET NI LAY, eventually, F(EF—
R—FZHLLMNERD...
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Language Confusion vs. Code-Switching

Language Confusion vs. Code-Switching

e Code-switching: Natural, intentional alternation between languages in human communication.

e Language confusion:

o Unintentional, erroneous language switching by LLMs.Not contextually appropriate;
o reflects model failure, not communicative intent.

Example of code-switching Example of language confusion

: I'm good, and you?
| ” User@ampt Saa S 158 (06 Lk ly LU g o 0 Lo )

English translation: What is the difference between the
Soy bueno, want to go to class? @ Meccan and Medinan surahs in the Holy Quran? )

The difference between Meccan and Medinan surahs in the
LLM Response § Quran is a significant aspect of Islamic studies. Here's a

brief overview:
m rg} **Meccan Surahs (4 jg):™
1. **Time period:** The Meccan surahs were revealed during
the early years of Prophet Muhammad's prophethood, ...
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Why is Language Confusion a Problem?

Why is language confusion a problem?
User experience: Breaking trust and usability for non-English speakers.

Prevalence:
®  Especially common in English-centric LLMs (e.g., Llama3, Mistral).

Line-level pass rate (LPR) by language (Marchisio et al., 2024).

avg ar de en es fr hi id it ja ko pt u tr vi zh
Llama 2 70B-I 483| 03 590 990 957 817 1.0 620 720 7.0 00 910 889 330 170 105
Llama 3 70B-I 46.0| 21.7 310 1000 983 887 230 21.0 8.0 100 00 955 770 180 100 8.0
Llama 3.1 70B-I 99.0 989 100.0 985 99.0 100.0 1000 94.0 1000 969 100.0 99.0 100.0 100.0 100.0 99.0
Mixtral 8x7B 730 483 909 995 893 953 710 580 720 667 612 850 650 90.0 57.0 455
Mistral Large 69.9| 480 980 990 99.0 1000 190 310 99.0 480 640 795 980 71.0 290 66.0
Command R 98.6 100.0 98.0 995 957 993 100.0 920 99.0 100.0 100.0 98.5 100.0 99.0 99.0 985
Command R+ 992 997 100.0 1000 993 99.7 100.0 97.0 100.0 99.0 1000 975 1000 100.0 99.0 975

Command R Refresh 989 99.6 100.0 995 993 997 1000 92.0 1000 990 1000 98.0 100.0 99.0 100.0 98.0
Command R+ Refresh  99.3 99.0 100.0 100.0 993 100.0 1000 96.0 1000 100.0 1000 975 99.0 100.0 100.0 98.0

GPT-3.5 Turbo 99.1 100.0 100.0 995 99.7 1000 990 960 1000 980 1000 98.0 100.0 1000 990 97.0
GPT-4 Turbo 99.3 990 100.0 1000 993 993 1000 960 99.0 1000 100.0 98.0 100.0 100.0 100.0 99.0
GPT-40 98.9 99.7 100.0 1000 993 993 99.0 940 1000 990 1000 975 99.0 1000 99.0 98.0

This work aims at mechanistically understanding and mitigating language confusion in English-centric LLMs.
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2. Methodological Background
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Mechanistic Interpretability (M) for Language Confusion

Mechanistic interpretability (MI)
aims to reverse-engineer neural networks by decomposing their computations into human-understandable components, and
helps understand how and why specific behaviors (like language confusion) arise inside LLMs.

INPUT — | Model |—— OUTPUT

!

Why Ml for language confusion? E@
e Limitations of surface-level mitigation

o  Marchisio et al. (2024) explore few-shot prompting, multilingual fine-tuning, decoding strategies to
reduce confusion, but do not explain why it happens.
O  These methods treat symptoms, not causes.
e Need for causal, internal understanding
o  To robustly mitigate confusion, we must identify the internal mechanisms—where and how the
model fails to transition to the intended language.
o Ml provides tools to pinpoint failure points and actionable intervention targets inside the model.

Sept. 2025
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Key Techniques

Layer-wise analysis

) Neuron-level attribution and intervention
(e.g., LogitLens, TunedLens)
) ) Employing LogitLens to dissect
Do Llamas work in English? cross-lingual factual Inconsistency in @ (2) F¥N query neurons
English-centric and multilingual LLMs: i

D (c) FFN value neurons

Output

T Causal tracing:
N
_flowe... 31 Ui T — ‘ %.‘\,y,'Z,fQZ' ("Toronto") . .
S " — 37@./' S Identify important
= \ neurons based on their
<o wa  OffcEsucion op _ impact on the output
—bore net @ B English, comect probabilities
g ) i
Relation Processing
in Latent Language Layer representation
! Embedding
0 Unembedding
Embed
ISEXREEERE? HRE: B m o =
(Wendler et a|,2024) (What is the capital of Canada? The answer is:) ‘ ' ( ) J

Geva et al. (2023), Yu and Ananiadou (2024)

(Wang et al.,2025)
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Layer-Wise Analysis - Tracing Language Transitions

Approach:
e Use tools like TunedLens to project hidden states at each layer into the vocabulary space.
e Trace how the model’s predictions evolve from input to output.

Findings from prior work on multilingual interpretability:
e English-centric LLMs process information in a latent, often English-biased, conceptual space in

early/mid layers.
e Successful generation requires a sharp transition to the target language in the final layers.

Connecting to language confusion:
e Layer-wise tracing helps reveal when and how the model transitions from an English-centric latent
space to the target language.
e  Failures or delays in this cross-lingual shift may underlie language confusion.
e This analysis can localize internal bottlenecks where unintended language switches occur, guiding
deeper mechanistic exploration in later sections.

Sept. 2025



Neuro-Level Attribution - Identifying Critical Neurons

Motivation:
which individual neurons are responsible for a specific model behavior (e.g., language transitions or language confusion)?

Methods (Geva et al., 2023; Yu and Ananiadou, 2024)

e Neuron Attribution:
o Quantify each neuron’s influence on the probability of generating a specific token.
o Log-probability increase method: How much does activating a neuron increase the likelihood of the
correct token?

e Neuron Editing:

o Intervene by modifying or zeroing out activations of critical neurons to test causal effects on model
behavior.

Sept. 2025
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Neuro-Level Attribution - Identifying Critical Neurons

Quantifying neuron importance score for an inference pass from inputs to the final predictions

N
Given an input ser.lt.ence_, §ach layer output hil' Fz'l _ Z mé,k : 622 3)
(layer /, token position i) is a sum of the previous —
layer’s output hl.“ , the attention output Al.’ , and the
feed-forward network (FFN) output F l.l : mt . = o( fclfc : (hi—l 4 4%)) 4)
hﬁ = hi_l + Af; + Fil (1) where fc2! is the k-th column of W}CQ, and m! , is
derived from the inner product between the residual
The FEN output F! is calculated by a non-linear & output ( hﬁ ~1+ Al and fclt, the k-th row of W} -

on two MLPs W}Cl € RV*4 and W}c2 € RIxN:
To quantify the importance of each neuron for generating a specific
Fl = W} " G(W}d (hi1 + AY) Q) token, we adopt the log probability increase method. For a neuron in
the /-th FFN layer v/, its importance score is defined as the increase
in log probability of the target token when ' is added to the residual

Following Geva et al. (2021), the FFN layer out- stream Al.’ + hil" , compared to the baseline without v':
put le can be represented as a weighted sum over
neuron subvalues: Imp(v') = log(p(wlv! + A" + A1) — 5)

log(p(w|Al -+ hl_l)
Sept. 2025
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3. Language Confusion Points
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The Language Confusion Benchmark (LCB)

The Language Confusion Benchmark (LCB) (Marchisio et al., 2024)

e Purpose: Systematically evaluate LLMs’ ability to generate text in the intended language.
e Coverage: 15 typologically diverse languages, 4 dataset sources (human-written, post-edited, synthetic).
e Metrics:

o Line-level Pass Rate (LPR): % of responses with all lines in the correct language.

o  Line-level Accuracy: % of lines in the correct language.

Dataset Data Source Language Prompt Example
Aya Human-generated ar, en, pt, tr, zh WHRNEFAFEIOTR -
(Singh et al., 2024) i Briefly introduce the poet Li Bai.
Dolly Qu’est-ce qui est plus important, 1’inné ou I’acquis?
(Singh et al., 2024) What is more important, nature or nurture?
Native ; E3HUELEEE UEAR
(MarcliiEio seal, pupdy Tomaneeered SILKS w7
Okapi ar, en, pt, zh,it, Schreib einen Aufsatz von 500 Wortern zum Thema KI.
(Lai et al., 2023) fr, de, id, es, vi Write a 500-word essay on Al

MT post-edited ar, es, fr, hi, ru

Synthetic + MT

Sept. 2025
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Preliminary Benchmarking Results

Language confusion performance of Llama models on the LCB benchmark

e Models evaluated*:
o  Llama3-8B (English-centric): Pretrained on multilingual datasets with English as the dominant language
o Llama3-8B-multilingual (multilingual-tuned): Multilingual instruction tuning
o Llama3.1-8B (multilingual-optimized): Multilingual post-training (SFT, preference alignment)

Language Confusion Performance of Llama Models on the LCB

L Benchmark
e Findings: =
. . ACC. Llama3 Llama3-multilingual Llama3.1

o  English-centric Llama3-8B shows frequent i
unintended language switches, especially to
English.

o Multilingual-tuned models achieve
near-perfect LPR and accuracy across
languages.

* All models used in this work are instruction-tuned versions. 0 .
ar pt tr zh id

Sept. 2025 Language



The Role of Confusion Points

Confusion Point (CP)

e What is a Confusion Point (CP)?

o  The specific position in the output where
the model first switches to an unintended
language.

o Inspired by “switch points” in human
code-switching, but here reflects model
failure, not intent.

e Significance:
o CPs mark the onset of language confusion
and are central to understanding and
mitigating the phenomenon.

Sept. 2025

Generation process of a confusion point via TunedLens

lllustration of TunedLens Generation of
Layer Coys:on Point (CP)

(<))
Entropy (nats)

<|begi... +4 2 & e ?
what is network security
Input



Empirical Evidence — CP Replacement Experiment

Experiment:
®  For each confusion case, identify the CP and replace the token at that position with the corresponding token from the
multilingual-tuned model.
Results:
e  Substantial reduction in language confusion after CP replacement.
e LPR and accuracy improve dramatically, approaching multilingual-tuned model performance.
Interpretation:
e  Confusion points are critical drivers of language confusion; intervening at these points can effectively restore correct language

generation.
Model Metric ar en pt tr zh es fr hi ru ja ko de id it vi avg
Llama3 LPR 330 995 710 33.0 193 730 593 80 280 140 23.0 19.0 220 340 11.0 36.5
(original) Acc 337 998 745 375 234 771 641 151 282 17.1 23.6 230 273 39.8 148 399
Llama3 LPR 710 99.0 93.0 50.0 573 943 840 370 786 500 450 600 67.0 86.0 62.0 68.9
(replace) Acc 748 99.6 954 555 64.1 953 865 476 831 553 486 623 777 875 66.1 733
Llama3 LPR 983 985 99.0 958 888 983 959 97.0 100.0 935 100.0 100.0 88.8 100.0 979 96.8

(multilingual)  Acc 987 995 99.8 969 938 993 969 975 100.0 958 100.0 100.0 942 100.0 979 98.0

Impact of confusion point replacement on language confusion metrics

Understanding language confusion — Understanding how CPs arise (Tracing internal model dynamics at CPs)
Mitigating language confusion — Suppressing the generation of CPs (Identifying and editing critical neurons responsible for CPs)

Sept. 2025
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4. Mechanistic Analysis of Language Confusion
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Layer-Wise Language Transition Analysis

Implementation of TunedLens
e We group all prompts into “correct” cases and “confusion” cases.
e For each prompt, we use TunedLens to extract the top-10 predicted tokens (by logit score) at every layer, focusing on the
position immediately before the confusion point (CP) for confusion cases, or the output token for correct cases.
e Each of these top-10 tokens is classified as either English or the target language using fastText, allowing us to track the
model’s internal language preference at every layer.

e We analyze both correct and confusion cases across diverse languages (e.g., Arabic, Portuguese, Turkish, Chinese).

Key Metrics:

e Token Count: Number of English vs. target language tokens among the top-10 predictions at each layer.
e Token Probability: Total probability mass assigned to English vs. target language tokens in the top-10 at each layer.

Sept. 2025



Findings - Transition Failure in Final Layers

Correct Cases:

[ ] Ea rly/m id Iaye rs. E N gl iS h to ke ns . Token Language Distribution Across Layers (ar) Token Language Distribution Across Layers (pt) Token Language Distribution Across Layers (tr) Token Language Distribution Across Layers (zh)
- 8
i i AN A A 7 FPONLA L 1
dominate (reflecting R 2 Ry A = e . SRS AT AR L 7 AT
. . 26 A =S = =t |2 ~—_ [ e °T TN £6 - =4
English-centric latent space). . , Y| 25 = ANEAN - L NS B e i
231 --- Confusion - English \ [ 2 -~ Confusion - English \ Yie -~ Confusion - English \ 25 -~ Confusion - English
H g -- Confusion - ar \ La ~- Confusion - pt g -- Confusion - tr g -- Confusion - zh
e  Final layers: Sharp B 4TI Gt o B s £ || e = e e
.. % 3{ — Correct - ar &37 — correct - pt % 41 — Correct - tr ?_;’\ 3 —— Correct - zh
transition—target language tokens ¢, L | g § g |
A 2 7
. . A /
overtake English, leading to correct : j . P L TRE T3 /
0 PRI o - S R b 0 "SR S S OV ~ o] Nt
Output. 0 s 10 15 20 25 30 0 S 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Layer Layer Layer Layer
Confusion Cases: "
(b) Average Probability
Y Trans it i onh to ta rget Ia nguage fa i | S Token Language Probabilities Across Layers (ar) Token Language Probabilities Across Layers (pt) T Token Language Probabilities Across Layers (zh)
-~ Confusion - English Probs -~ Confusion - English Probs = Confosibn=EnilishiPo -~ Confusion - English Probs
. . 0.4 0.20 Confusion - English Probs
in final |aye rs -~ Confusion - ar Probs : 0.6 ———- Confusion - pt Probs - = Cofushin o Piohs 057 -~~~ Confusion - zh Probs
. —— Correct - English Probs ‘T % —— Correct - English Probs I Al Correct - English Probs 04 —— Correct - English Probs
H H H 20.3{ — Correct - ar Probs 27| — Correct - pt Probs > —— Correct - tr Probs 2047 —— Correct - zh Probs
[ ] 208 £ Zois & f
English tokens remain dominant or £ -3 g v i “
increase, causing the model to £ £ 2 N [] £% 5
, g S 021w i Yo 503 < 0.10 i I/ P (
. . 8 \/A, ”// \/ \ '\ & g /\/ /\/f q 802 3
switch to the unintended language ¢,,| /" V"~ \\ | g £ NpAAR =,
141 \ a 0.05 Y= : 01 e WA\, §
at the CP. j? . /\/\Ar/\f\\_,;/‘é\/ / (—\'\;"‘IL'AN\/‘ e
0.0 0.0 556 e~ o[ SIS ] P = —t

Insights:

(a) Average Token Count

0 5 10 15 20 25 30
Layer

®  Both correct and confusion cases start similarly, but diverge sharply in the last few layers.
e Language confusion is not a gradual drift, but a late-stage failure to shift from the latent conceptual space
to the target language surface form.

Sept. 2025
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Neuron-Level Attribution at Confusion Points

Goal: Identify which neurons are most responsible for the emergence of confusion points.
Method:

(@) Individual Case

e  For each confusion case, compute the importance of every FFN neuron at the token 100 e P .
before the CP using the log-probability increase method. -
e  Rank neurons by their influence on the model’s prediction at the CP.
Metric: g ]
e Importance score = increase in log-probability of the CP token when the neuronis 2 40-
activated.
20 A
Findings — Distribution of Critical Neurons 01, . " - , v ;
e  Critical neurons for confusion points are highly concentrated in the final layers. ° ’ ° ﬁ:ye, * * *
e  This pattern holds both for individual cases and when aggregated across all samples. (b) Aggregated Neuron Scores

e These findings reinforce the

conclusion from the previous Figure 3: Distribution of Important Neurons Associated
layer-wise analysis: language with Confusion Points in Llama3-8B. (a) Distribution of

—&— Llama3 FFN value neurons

confusion is tightly linked to the top 300 most important FFN neurons across layers g 25
the activity of specific FFN for an individual Chinese prompt “T5EREYF AR B £ PG 50 |
neurons in the final layers. BEIBE o (Please explain PRGNS )” from |
Aya. (b) Aggregated distribution of important neuron .
scores across all Chinese test samples in Aya. 0 5 10 15 20 25 30 35

Sept. 2025 layer



Effect of Multilingual Instruction Tuning

Neuron Rank Comparison

Repeat neuron attribution on multilingual-tuned model (Llama3-8B-multilingual).

-—- y=x é0_3a1s
FindingS: ®1_5068 Total dots: 6‘;11’ o
®  Most confusion-critical neurons in the original model become much less 400 1 65736 R
important after multilingual alignment. =
e Asmall subset of neurons remains important, likely encoding general ™
semantic information. g o
Interpretation: s i S . 5726
e  Multilingual instruction tuning suppresses confusion-inducing neurons, ; ] i PR @1_13,35,:?63%56”
explaining its effectiveness in reducing language confusion. 5 @566 ) m‘l. e 10200 O
oo gtz T qan® | g et
Summary: SLONSWI 3166 G MBETT | T ,
L . - . . . 5 WOGPszs| __ @St €1.5%9 30
* Language confusion is driven by transition failures in the final layers. B e | G, | el
* A small set of late-layer neurons are causally responsible for confusion o] lgrentsi oo M@ oo
points. 0 20 40 6'_0 80 100
*  Multilingual tuning works by suppressing these neurons’ influence. fankin nerons.Inst
* These findings set the stage for targeted neuron-level interventions to Figure 4: Neuron rank comparison between original
mitigate confusion. Llama3 and multilingual Llama3. Results of Chinese

test samples in Aya.
Sept. 2025



Outline

5. Mitigating Language Confusion: Neuron Editing
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Neuron Selection Strategies

Why Selection Matters: Indiscriminate neuron editing can harm general model competence.

Three Strategies Explored:
e Frequency-Based: Select neurons most frequently important across confusion cases.
e Aggregate Importance: Select neurons with the highest total importance scores across all confusion cases.
e Comparative Importance: Select neurons whose importance for confusion points drops most after
multilingual tuning (i.e., neurons specifically implicated in confusion, not general competence).

Rationale for Comparative Importance Selection

e Motivation: Many neurons important for confusion are also important for general language processing.
e Comparative Approach:

o  For each neuron, compute the difference in importance score between the original and
multilingual-tuned models on the same input.
O  Prioritize neurons with the largest drop in importance—these are likely to be confusion-specific.

e Advantage: Minimizes collateral impact on general competence and fluency, focusing intervention on the
root cause of confusion.

Sept. 2025



Neuron Editing — Methodology & Implementation

Editing Process:
e Select top 100 neurons per language using the chosen strategy.
e During inference, set the activations of these selected neurons to zero.

Evaluation: Assess on LCB benchmark and general language tasks (XNLI, sentiment analysis, fluency).

e  Evaluation of Confusion Reduction
o  Language Confusion Metrics (LPR)
o Internal Model Metrics (number and probability of target language tokens among top-10 output

logits)

e  Evaluation of Output Quality and Generalization
o  Fluency (Perplexity)
o  Generalization (Performance on general language tasks)

Sept. 2025



Quantitative Results — Confusion Reduction

Confusion mitigation performance of different selection strategies

ar pt tr zh es fr hi ru ja ko de id it vi Avg.
original 3344 7426 3755 2404 77.15 63.16 1647 2820 17.44 2350 23.00 27.33 39.83 14.79 35.73
freq 31.75 75.10 36.51 22.09 76.29 6698 18.66 27.70 19.29 23.08 2225 27.83 3945 13.58 35.75
score 76.97 9341 67.61 80.63 91.22 7477 60.00 5032 53.50 33.25 4027 5358 96.00 67.56 67.08
comparative 8545 97.12 5727 89.39 9220 83.17 82.74 89.43 4995 40.33 80.82 7894 9525 66.50 77.75
Language Confusion Metrics:
e  Substantial improvement in line-level pass rate (LPR) and accuracy
after neuron gditing. . . . . token_num  token_prob
° Compzflratlve |mportan.ce selec_tl.on achieves the highest gains, Original 1.96 245
matching or approaching multilingual-tuned models for most Edited 343 36.8
languages. Diff 1.47 12.3

Internal Model Metrics:

® Increased number and probability of target language tokens among
top-10 output logits.
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Quantitative Results — Output Quality & Generalization

- - language acc_ori acc_edit
o fluency_ori fluency_cna diff ar 042 037
Generalization ar 30.1 24.7 54 de 0.54 0.54
e Edited model maintains strong pt 257 233 23 &5 0.46 0.5
performance on out-of-domain prompts tr 21.2 18.8 25 fr 0.49 0.5
and general language tasks. 7h 33.1 26.0 7.0 hi 0.47 0.48
No degradation in general language es 25.4 3.9 2.9 Zru 8'22 (;)'532
understanding (XNLI, sentiment analysis). fr 21.2 21.1 0.1 v 046 037
hi 28.5 229 -5.6 zh 0.51 0.46
FIuency ru 23.7 19.5 4.2 avg 0.464 0.449
e Output fluency (measured by perplexity) is de 23.8 18.5 -5.3
preserved and even slightly improved. it 25.7 20.2 -5.5 sentiment analysis
avg 258 21.8 -4.0 language acc_ori acc_edit
de 0.98 0.98
Perplexity is calculated to es 0.98 0.98
measure fluency fr 0.98 0.97
ja 0.99 0.99
zh 0.99 0.99
avg 0.984 0.982
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Comparison with Multilingual Tuning

Output Cleanliness:
e Neuron-edited model produces clean, well-structured responses in the
intended language, preserving the semantic information.
® Avoids artifacts (e.g., HTML tags, noisy formatting) sometimes introduced by
multilingual instruction tuning.

Effectiveness:
e Neuron editing can achieve confusion mitigation on par with full multilingual
instruction tuning for many languages.

Advantages:
e  More targeted: Directly addresses the internal cause of confusion.
e More efficient: Neuron editing is lightweight and reversible, requiring no
retraining or fine-tuning.
e Cleaner outputs: Avoids side effects from noisy multilingual data.

Sept. 2025

Case 1 (aya-zh, id1)

Input: iﬁ%ﬁ"ﬁ?ﬁﬂ?bﬁﬂ"ﬁ!ﬂo Please explain “#% 718

Before Neuron Editing: English Translation: "To tear down the
eastern wall to repair the western wall" - Meaning: To solve a
problem by creating a new one, or to fix one issue by making
another one worse.

After Neuron Editing: *
ENERERAR

4 A0

h iG] fiR A AR 3

R L

\nv.

Multilingual Llama3: 2023-03-23 14:34:23 {fZ=1EHMEERY
BRENTRRE/NCMaLe AR A E, AR
EEfFROEES, ..

Case 2 (okapi-zh, id5S)

Input: ME—EH XBRRAFTE MM PLEE,

Before Neuron Editing: English Translation: "To tear down the
eastern wall to repair the western wall" - Meaning: To solve a
problem by creating a new one, or to fix one issue by making
another one worse,

After Neuron Editing: S iS{FS\nfEEINENESE: Bl
FR? \nfESSNEED, RERSEEMAANBEE
EPR—E. A, EEREREERIAER?

Multilingual Llama3:
](https://www.zhihu.com/question/34614445) \n[{a]
EHBEFFEFNRFERERES

&7 (https://www.zhihu.com/question/34614445)
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6. Conclusions
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Conclusions

1. First mechanistic account of language confusion
2. ldentification and intervention on critical neurons

3. Practical implications for robust, interpretable multilingual LLMs
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