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Abstract

Large language models (LLMs) have shown strong performance in open-domain dialogue,
yet they continue to struggle with long-term multi-session conversations (MSC), particu-
larly in non-English languages such as Korean. In this work, we present a comprehensive
empirical study on enhancing Korean MSC capabilities of LLMs through dataset construc-
tion, memory modeling, and parameter-efficient fine-tuning. We introduce an extended
Korean MSC dataset that explicitly distinguishes between persona memory (long-term user
attributes) and episode memory (short-term, event-driven information), enabling more
effective memory management across sessions. Using this dataset, we evaluate LLM per-
formance on three core MSC tasks: session summarization, memory update, and response
generation. Our experiments reveal that Korean MSC is intrinsically more challenging
than English MSC and that memory update and response generation require substantial
reasoning ability. To address these challenges, we compare LoRA, DPO, MoE, CPT, Layer
Tuning, and neuron-level tuning methods. Results consistently show that neuron tuning,
guided by a novel language-specific neuron identification method based on activation
scores and entropy, achieves superior performance and robustness, particularly in con-
tinual learning settings. Overall, our findings highlight neuron-level adaptation as an
effective and interpretable approach for improving long-term conversational ability in
low-resource languages.

Keywords: multi-session conversation; long-term conversation; memory update; large
language models; language-specific neurons

1. Introduction

Open-domain conversation systems aim to generate appropriate responses to user
input. The advent of pre-trained language models (PLMs) such as BART [1], combined
with the availability of large-scale, high-quality dialogue datasets, has led to significant
advancements in the response generation capabilities of open-domain chatbots. However,
these systems continue to face challenges in multi-session (i.e., long-term) conversations,
where retaining and utilizing information from previous sessions remains difficult. In par-
ticular, generating engaging responses that effectively integrate past and current context
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remains an open problem. This difficulty arises from the need for several key capabilities in
multi-session chat (MSC) settings. In this study, we define three essential abilities for MSC:

*  Session Summarization: To generate appropriate responses, models must be able to
recall information from previous sessions or user-provided inputs. While storing
entire conversations is possible, summarization has been shown to be a more effective
and efficient approach [2].

*  Memory Update: Models must be capable of refining and updating user-related
information, such as emotional state, location, or recent events, which can dynamically
change over time in MSC scenarios [3].

*  Response Generation: When responding to user utterances, models should reason
about the relevance of stored memory in relation to the current input and determine
whether past information should be utilized for response generation [4].

As outlined above, the integration of these complex abilities presents a significant
challenge for generating coherent and engaging responses in multi-session conversations.
Although large language models (LLMs) have demonstrated promising capabilities in
MSC, these advancements have primarily been observed in resource-rich languages such
as English and Chinese. In contrast, a noticeable performance gap persists between high-
resource and low-resource languages [5-7]. Furthermore, a recent study [8] revealed that
even top open and closed LLMs show lower performance in multi-turn conversations than
in single-turn. In this study, we first show that various LLMs exhibit degraded long-term
conversational capabilities, particularly in Korean, compared to English, consistent with
findings from prior work on other low-resource languages [9]. Despite the significant capa-
bility gap between English and Korean, efforts to address this disparity in long-term conver-
sations remain largely unexplored. To investigate whether recent fine-tuning approaches
can enhance Korean long-term conversation capabilities, we conduct a comprehensive set
of experiments. Specifically, we apply low-rank adaptation (LoRA) [10], direct preference
optimization (DPO) [11], mixture-of-experts (MoE) [12], continual pre-training (CPT) [13],
and Layer Tuning [14] techniques for instruction-tuning on Korean datasets for session
summarization, memory update, and MSC. We evaluate the effectiveness of each method
and analyze their impact on Korean long-term conversational performance. Our results
reveal that while these fine-tuning approaches yield improvements on individual tasks,
they suffer from catastrophic forgetting in continual learning settings where all three tasks
are learned sequentially. To address this limitation, we draw inspiration from recent re-
search on language-specific neurons [9,15] and identify Korean-specific neurons in various
LLMs. We demonstrate that selectively tuning these neurons not only enhances the models’
long-term conversational capabilities in Korean [16] but also exhibits robust performance
in continual learning settings.

To fine-tune models for MSC in Korean, appropriate datasets are essential. While
ref. [2] introduced a multi-session chat dataset for English—including session-level sum-
maries to support dialogue summarization—there remains a significant scarcity of long-
term open-domain conversational datasets for Korean. Moreover, collecting MSC datasets
is resource-intensive, requiring substantial time and financial investment. To promote
research on long-term open-domain conversations in Korean, we construct new datasets
for session summarization and memory update tailored to Korean MSC. For the session
summarization and memory update dataset, we build upon the dataset introduced in our
prior work [3], augmenting it with additional annotations to better support memory up-
date modeling in MSC systems. Unlike previous studies [2,3,17], we explicitly distinguish
between persona memory and episode memory during annotation. This separation is
intended to support more efficient memory management as session histories grow. Given
that memory capacity is limited, we argue—drawing inspiration from how humans manage
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memory—that long-term conversational systems should differentiate between information
that must persist over time (persona memory) and information that can be updated or
discarded (episode memory). Defining and annotating these two memory types is a key
distinction of our approach compared to existing MSC datasets. In summary, our main
contributions are as follows:

1.  Toaddress the capability gap between English and Korean, we conduct comprehensive
experiments to enhance the long-term conversational abilities of LLMs in Korean.

2. We construct Korean session summarization and memory update datasets. Unlike ex-
isting MSC datasets, our dataset differentiates between persona and episode memory
to reflect long-term versus short-term information.

3. Experimental results demonstrate the effectiveness of our methods in long-term con-
versation settings. Additionally, our MSC dataset—annotated with distinct memory
types—supports the generation of more engaging and contextually appropriate responses.

4. We demonstrate that selectively tuning Korean-specific neurons outperforms existing
fine-tuning approaches and exhibits robust performance in continual learning settings
where other methods suffer from catastrophic forgetting.

2. Related Work
2.1. MSC Dataset

To address long-term open-domain conversations, ref. [2] constructed and released
an MSC dataset and demonstrated the effectiveness of both retrieval-augmented gen-
erative (RAG) models, which search for and retrieve relevant utterances from previous
sessions, and read—-write memory-based models, which summarize and store previous
session conversations. Ref. [18] introduced the LOCCO (Long-term Chronological Conver-
sations) dataset, a benchmark designed to assess how LLMs retain and utilize information
over extended temporal spans. Their analysis reveals that LLM memory representations
exhibit temporal decay and category-specific retention patterns. However, this dataset only
covers English, which is a resource-rich language. Ref. [17] build a Korean MSC dataset,
which is named CareCall-Memory (https://github.com/naver-ai/carecall-memory (ac-
cessed on 1 January 2024)) based on the CareCall dataset (https://github.com/naver-
ai/carecall-corpus (accessed on 1 January 2024)). Unfortunately, the CareCall-memory
dataset may not be suitable for chat data since it was generated under the premise of a
nurse calling senior citizens to provide care (i.e., its fundamental source is from speech).
As a result, the CareCall-memory dataset includes utterances that are not appropriate
for chat data, such as “I'm calling from the administrative welfare center” and “Can you
hear me well?”. Another Korean MSC dataset, known as KMSC, was constructed by Al
Hub (https://www.aihub.or.kr/ (accessed on 1 January 2024)). However, as noted in our
previous work [3], the KMSC dataset suffers from low-quality session summaries and does
not consider the memory update process. To address these limitations, we introduced
KEEM (Keep Emotion and Essential Memory) [3], a generation-based memory update
dataset for long-term conversation that enables models to update user emotion and episodic
information. In this study, we further annotate the KEEM dataset to explicitly distinguish
between persona memory and episode memory. We demonstrate that this distinction facil-
itates more effective memory updating by LLMs and, in turn, leads to improved response
generation. We provide further analysis and empirical results in Section 5.

2.2. Memory-Augmented Dialogue Systems

Recent work on memory-augmented dialogue systems has explored external memory
modules to enable long-term personalization and conversational continuity. While such
approaches extend LLMs beyond their fixed context windows, many rely on rigid memory
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granularity (e.g., turn-level or session-level storage) and static retrieval strategies. To address
these limitations, Reflective Memory Management (RMM) [19] introduces a dual-reflection
framework that integrates hierarchical memory summarization with adaptive retrieval refine-
ment through reinforcement learning. In a complementary direction, the SHARE dataset [20]
explores relational shared memories between interlocutors, constructed from movie scripts
capturing both explicit persona information and implicit shared experiences. The accompany-
ing EPISODE framework demonstrates that modeling shared memories can improve dialogue
engagement and sustainability. While these approaches advance memory architectures for
English dialogue systems, they do not address the unique challenges of non-English languages
or the explicit separation of long-term and short-term memory. Our work differs by focusing
on Korean MSC and introducing a distinct persona-episode memory framework that supports
dynamic memory updates across sessions.

2.3. Language-Specific Neuron

Ref. [15] investigated the existence of language-specific neurons in LLMs and proposed
a method called language activation probability entropy (LAPE) to identify them. Their
findings suggest that the ability of an LLM to process a specific language can be influenced
by a relatively small subset of neurons, thereby supporting the existence of language-
specific neurons. Additionally, they found that these neurons are predominantly located
in the bottom and top layers of LLMs. According to their analysis, the lower layers
primarily convert inputs from various languages into a shared semantic space—typically
aligned with a high-resource language such as English—while the upper layers map this
semantic content (processed through the middle layers) into language-specific output
tokens. In a similar vein, ref. [9] examined the multilingual processing pipeline of LLMs.
Their study confirmed that LLMs initially convert multilingual inputs into English, perform
reasoning in English, and integrate multilingual knowledge using self-attention and feed-
forward components, respectively. Finally, the models generate responses in the original
input language. To further investigate this mechanism, ref. [9] proposed parallel language-
specific neuron detection (PLND), a method for identifying the importance of neurons in
both attention and feed-forward components without requiring labeled data or parameter
modifications. Ref. [13] aimed to mitigate the significant performance gap in mathematical
reasoning between English and Korean by identifying Korean-specific neurons. Their
findings indicate that neurons in the shallow layers, which are responsible for internal
translation from Korean inputs to English representations, are particularly critical for
effective fine-tuning. Inspired by these model interpretability-based studies on language-
specific neurons, we identify Korean-specific neurons in various LLMs and selectively
fine-tune them to enhance the MSC capabilities of LLMs in Korean.

3. KEEM Dataset
Data Construction

As we describe in Sections 1 and 2, there remains a scarcity of MSC datasets in Ko-
rean. Therefore, we collected the KEEM dataset utilizing the KMSC dataset [3]. To ensure
topic diversity in dialogues, we choose the KMSC dataset from the Al Hub. The KMSC
dataset covers 13 diverse topics, including individuals and relationships, education, cli-
mate, and beauty and health, among others (see Table 1 for more details). It consists of
four-session dialogues, each accompanied by a summary. However, the dataset was not
constructed with memory update mechanisms in mind; instead, summaries from previous
sessions are simply concatenated and used as memory for the following session. Addition-
ally, like many existing datasets, the KMSC summaries frequently omit information related
to the user’s emotional state or its cause. For example, in the utterance “I work as a designer.
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Recently, I sometimes feel embarrassed because of past work mistakes,” the corresponding
summary—“I'm a designer and I sometimes feel embarrassed these days”—includes the
emotion but omits the underlying cause. To build the KEEM dataset—which incorporates
both emotional states and their causal context into generation-based memory updates—we
created new summaries using dialogues from the KMSC dataset, with the assistance of
GPT-4.0 [21] (While GPT-4.0 was used for dataset construction, it was the state-of-the-art
model at the time. More importantly, the quality of the KEEM dataset is independent of
the generation model, as it has been rigorously validated through comprehensive human
evaluation in our previous work [3]). GPT has shown strong capabilities across various
NLP tasks, including automatic dataset construction [22], and its efficiency and reliability
have been validated by multiple studies [23]. We used GPT to enrich session summaries
by embedding the user’s emotional expressions and the reasons behind them. Then, it
was further prompted to generate an updated summary that combines information from
both the current and previous sessions. Figure 1 provides an overview of the KEEM
dataset construction process. Table 2 reports statistics for the KEEM datasets. In this table,
“Session 1-n” indicates data containing n sequential sessions. For instance, “Session 1-4”
includes the first four sessions, rather than referring to only the fourth. However, un-
like previous works such as [2,17], we further instruct GPT 5.0 to separate persona and
episode summaries after the KEEM dataset construction (Full instruction is provided in
Appendix A). This is done to distinguish between long-term and relatively short-term
information. We define the persona memory as long-term memory, which encompasses
user self-introductions, personal details, preferences, possessions, family or friends, pets,
and aspirations. Conversely, we define episode memory as short-term memory, which
includes episodes that users recount from their daily lives. By differentiating between
long-term and short-term information in this manner, the management of memories can
be more effectively achieved when conversations continue. Table 3 shows an example of
persona and episode memory.

Table 1. Topic statistics of KMSC dataset.

Topic Count Ratio
Individuals & Relationships 12,783 15.98%
Entertainment 11,063 13.83%
Beauty & Health 9038 11.30%
Society 7328 9.17%
Work & Job 6997 8.75%
Arts & Culture 6508 8.13%
Education 6288 7.86%
Food 4130 5.15%
Climate 3975 4.97%
Traffic 3795 4.75%
House 3489 4.37%
Fashion 235 0.29%

Table 2. Statistics of the original KMSC dataset and our KEEM dataset. Avg. denotes the average.

Attribute . KMSC . . K]?EM .
Session 1-2 Session 1-3 Session 1-4 Session 1-2 Session 1-3 Session 1-4
Total Episodes 40,000 20,000 20,000 2006 1560 1005
Total Utterances 980,919 731,705 953,405 61,354 70,974 59,847
Total Memory sentences 567,176 395,808 498,497 33,972 31,846 23,148
Avg. Length of Utterances 16.98 17.13 17.22 17.02 17.26 17.32
Avg. Number of Utterances 30.65 45.73 59.59 30.58 45.49 59.54
Avg. Number of Memory Sentences 17.72 24.73 31.15 16.93 20.41 23.03
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Figure 1. Process of KEEM dataset creation. We reused a figure from our previous publication [3]
(CC BY 4.0 license), with full attribution provided in the figure caption.

Table 3. Examples of persona memory and episode memory.

Persona Memory Episode Memory

My name is Andrew
I'm a university student
I'have a sister

I'm a dog person

I'm traveling in Europe

I've been to Porto and Lisbon

I’'m currently in Barcelona

I feel calm and peaceful these days and enjoy my vacation

4. Method

As mentioned in Section 1, we adopt various fine-tuning methods to explore ways to
enhance the long-term conversational capabilities of LLMs in Korean. In this section, we
describe recent fine-tuning approaches, including LoRA, DPO, MoE, and Neuron Tuning.
We conduct comprehensive empirical experiments using these techniques across three tasks:
session summarization, memory update, and response generation. Let P = {po, p1,..., Pn}
denote the instruction tokens for a given task, where 7 is the number of tokens in the
instruction. Let X = {xg,x1,...,xn} and Y = {yo,y1,...,y1} represent the input and
output tokens for the task, where m and I denote the number of tokens in the input and
output, respectively. We define the input as the concatenation of the instruction and
the task-specific input, denoted as I = [P; X]. The objective is to generate the output Y
(e.g., a session summary, an updated memory, or a response) conditioned on the instruction

and input:
Y|

Y=[]Pwily<i[P;X]) 1)
i=1

Here, Py (- | -) denotes the probability of generating the next token given the previous

tokens and the input I, and W represents the parameters of the model. The notation

Yei={y1,Y2,...,yi_1} refers to the prefix of the output sequence up to position i — 1.

4.1. LoRA

Continual Pre-Training (CPT) of LLMs is both time- and resource-intensive. As a
result, many researchers have adopted LoRA as an effective and efficient alternative for
fine-tuning LLMs. Furthermore, CPT poses the risk of degrading a model’s parametric
knowledge due to updates to the original pre-trained weights. In contrast, LoORA preserves
the original weights of the LLM by introducing additional trainable parameters, thereby
mitigating the risk of catastrophic forgetting during task-specific fine-tuning. The loss
function minimized during LoRA fine-tuning is defined as
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1
L=— ) L(d & AD) )
|D | deD
where D is the dataset, d is a single data instance, L is the cross-entropy loss function,
®g represents the frozen pre-trained weights of the LLM, and A® denotes the trainable
parameters introduced by LoRA. LoRA implements low-rank matrices B € R¥*" and

A € R™k, where r < min(d, k). The trainable projection is defined as
h = Wox+ BAx = (Wp + BA)x 3)

Here, W) is the original frozen weight matrix, and x is the input vector. We apply LoRA
with two training strategies: (1) Task-independent, where a separate LoRA is trained
for each individual task, and (2) Continual learning, where a single LoRA is continually
trained across all three tasks. The results and analysis of these strategies are presented in a
later section.

4.2. DPO

Reinforcement Learning (RL) is a promising approach for enhancing the capabilities
of LLMs. In particular, Reinforcement Learning with Human Feedback (RLHF) has proven
effective in aligning LLMs with human preferences and values [11]. Applying RLHF
typically requires reward annotations for different outputs given the same input. These
annotations are used to train a reward model, which in turn guides the LLM to generate
outputs that are more aligned with human preferences by assigning scores to candidate
responses. DPO was recently proposed as an efficient alternative that replicates the benefits
of RLHF without requiring a separate reward model. To adopt DPO in our experiments,
we only require a preference dataset indicating which output is preferred under a given
input. As described in Section 3, we constructed the KEEM dataset using the KMSC dataset
as a foundation. In this process, we utilized dialogues from KMSC and generated new
session summaries and memory updates. Based on this, we automatically construct a
preference dataset by pairing the original KMSC summaries with the improved KEEM
summaries under the same input dialogues. The resulting dataset allows us to train models
to prefer the KEEM-generated summaries over those from KMSC. We note that for the
memory update and response generation tasks, preference datasets cannot be constructed,
as the session summaries and updated memories differ between the KEEM and KMSC
datasets. Therefore, DPO is applied exclusively to fine-tune the session summarization
task. We apply DPO to fine-tune LLMs using preference pairs (x,y ",y ™). The objective is
to encourage the model to assign a higher likelihood to the preferred session summary y*
over the less preferred session summary v, relative to a reference model. The loss function
is defined as

Lopo(0) = —log o (6 <logm - logm» @

Here, Py(y | x) denotes the conditional probability of response y given input x, computed
by the trainable policy model with parameters 6. P.¢(y | x) represents the probability
estimated by the reference model, typically a frozen snapshot of the initial model before
DPO training. > 0is a temperature scaling factor that controls the sharpness of preference
enforcement, and () denotes the sigmoid function.

https:/ /doi.org/10.3390/app16073175


https://doi.org/10.3390/app16073175

Appl. Sci. 2026, 16, 3175

8 of 25

4.3. MoE

MOoE has been adopted to fine-tune neural networks for multi-task learning [12,24],
and more recently, it has been applied to the top layers of LLMs to fine-tune them on
target tasks. In this study, we also apply MoE to the top layer of LLMs and train the
expert modules on three tasks: session summarization, memory update, and response
generation, while keeping the original LLM weights frozen. Previous studies have explored
the effectiveness of maintaining a shared expert that remains active across all training
instances, demonstrating its benefits [25,26]. Motivated by these findings, we incorporate
a shared expert in our MoE setup to investigate whether it contributes to performance
improvements across the three tasks. This approach is based on the intuition that these
tasks—being subtasks of MSC—may benefit from learning shared underlying capabilities.
Given the hidden representation /1 € R¢, the MoE output is computed as

(8i)
ie%h) Zjeﬁ(h) eXp(g]-)

where

e Ti(h) denotes the set of top-k expert indices selected by the gating network based on
the input h,

e  Expert;(h) is the output of the i-th expert network,

*  w; is the normalized gating weight for expert i,

* g is the gating score for expert i, computed by the gating network.

4.4. Neuron Tuning

Before tuning specific neurons, it is necessary to identify and select which neurons
should be tuned. Ref. [15] proposed LAPE (Language Activation Probability Entropy)
to identify language-specific neurons in LLMs. Specifically, they input texts in various
languages into the LLM and compute the activation probability for the j-th neuron in the
i-th layer when processing texts in a specific language k:

pf/]- =E (H(activation_function(fziW{)]« > 0) | language k) (6)

Here, I denotes the indicator function. In [15], they estimate the activation probability as
the likelihood that the activation of a neuron exceeds zero. Subsequently, they obtain the
distribution p; ; = (p},j,. e pi.‘, e pf,j) which consists of the activation probabilities of the
(i, j)-th neuron across [ different languages. Finally, LAPE is computed as the entropy of
this distribution, quantifying the degree of language specificity for each neuron:

1
LAPE;; = — Y p}; log(p%)) )
k=1

where pi‘ j denotes the normalized probability over languages (We apply L1 normalization).
A low LAPE score indicates that the neuron is language-specific, as it tends to be active
for only one or a few languages while remaining inactive for others. However, LAPE [15]
exhibits certain limitations in cases with low entropy values. Specifically, LAPE may yield
a small value when a neuron is highly likely to be activated in language k but consistently
unlikely in other languages. Unfortunately, it can also produce a similarly small value
when the neuron is only weakly activated in language k while remaining inactive in
others. In the latter case, the neurons identified by LAPE may have limited influence on
language k. To mitigate this limitation, we modify and extend the LAPE method to more
accurately identify language-specific neurons. Another limitation of LAPE arises during
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the conversion of activation scores into probabilities. In this step, activation scores greater
than zero are mapped to one, and all others to zero, which fails to capture the magnitude of
activation. Consequently, the resulting probabilities do not reflect the true influence of each
neuron. To address this issue, we propose a new approach that identifies neurons based on
activation scores and entropy, rather than activation probabilities.

Activation Scores of Attention Module

For the input h;_; at the i-th layer and the m-th head, the query, key, and value vectors
in the attention module are defined as follows:

q(i/m) — WQr(irm) hi—ll

Ko = whlmp, (®)
Note that modern transformer architectures (e.g., Llama, Qwen, Gemma) apply no activa-
tion function after these projections. The activation score of the j-th neuron for an input c is
defined as the absolute value of the projection output:

~

" 0) = (WO (@),

<
—~

\O
~

a](i,m,K) (C) _ (WK,(i,m)hi71 (C))]

a ™" (e) = (WY (o))

]

where | - | denotes the absolute value, capturing the magnitude of neuron activation regard-
less of sign.

Activation Scores of the FFN

Modern LLMs such as Llama, Qwen, and Gemma employ the SwiGLU activation
function in their feed-forward networks. The FEN is formulated as

FEN(h) = W9 . (g(W8%¢h) & WPh) (10)

where o denotes the SiLU (Swish) activation function and ® represents element-wise
multiplication. We measure the activation score at the intermediate representation after the
gated activation (i.e., the “post” activation in TransformerLens terminology):

hi = (W8 h;_1) © W"Ph;_4 (11)
The activation score of the j-th neuron in the FFN for an input c is then
a " (e) = | (hi(e))| (12)
For an input corpus Cj in language k, the mean activation score is computed as

ActScore|"™ (k) = Ec.c, [a{"™(c)], M € {Q K, V,mlp} (13)
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The entropy of each neuron’s activation distribution across languages is defined as

; ! ) ;
H].(I’M) = — Z ﬁj(z’M) (k) logﬁ](-l'M) (k),
k=1
(M) ActScore!"M (k) (14)
a"" (k) = L
Yy ActScore!” )(k’ )

j
Identification of Language-Specific Neurons

Finally, a neuron is identified as language-specific for language k if it satisfies both
of the following conditions among all neurons across layers: (i) its activation score for
language k falls within the top 1%, and (ii) its entropy lies within the bottom 25%. Formally,

Niang = {j eN ‘ ActScore](»M) (k) € Top-1%, -

ﬂmemmmw@

Unlike Equations (13) and (14), which are computed per layer, Equation (15) is applied

across all neurons in all layers to detect the top 1% neurons. Consequently, without layer-
wise normalization of the activation scores ActScore](-i’M) (k), neurons may become concen-
trated in layers with higher overall activation magnitudes [27]. In this study, we compare
and analyze the results obtained with and without normalization to examine whether
neurons are evenly distributed across layers or concentrated in high-influence layers.

In this study, since we focus on Korean, we select only those neurons that exhibit high
activation scores ActScorej(.l’M) (KOR) and low entropy H].(I’M)

LLMs. We further fine-tune the identified Korean-specific neurons using the following

values for fine-tuning the

training objective:
T
L=— Z 10g p(xt | X<t; O¢rozen + AS) (16)
t=1

where S denotes the set of Korean-specific neurons.

4.5. Continual Pre-Training

We perform continual pre-training on LLMs using the KEEM dataset to enhance
Korean MSC capabilities and to elicit reasoning abilities in Korean, following the approach
of [13].

4.6. Specific Layer Tuning

Inspired by knowledge editing techniques [14], we identify and fine-tune the layer
containing the highest concentration of Korean-specific neurons to improve Korean
MSC capabilities.

4.7. Task
4.7.1. Session Summarization

Given a query g (i.e., instructions) and a session dialogue D = {ul, U, Uz, ..., un} con-
sisting of n utterances, our goal is to generate a session summary (i.e., memory) M = [S?, 5¢].
Here, SP denotes the persona memory and S° denotes the episode memory. Both compo-
nents are generated jointly in this process.
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4.7.2. Memory Update

Formally, given a previous session’s memory M., and a current session’s memory
M_yr, we train LLMs to generate an updated memory MY. The objective is to retain and
revise important user information or events across sessions. For example, suppose the
user stated “I'm travelling in Europe” in a previous session (e.g., a few months ago) and
later says “I'm back! I'm in Korea now” in the current session. In this case, we expect the
updated memory to contain “I have been to Europe”, thereby preserving relevant historical
information while incorporating the new context. This approach addresses limitations of
existing memory update methods, which typically remove conflicting information from
the previous memory when inconsistencies arise between Mpreo and M¢,r [17]. In the same
example, the conventional method would delete “I'm travelling in Europe” and retain
only “I'm back! I'm in Korea now”, causing the model to lose an important event from the
user’s history.

4.7.3. Response Generation

Finally, we train LLMs to generate coherent and engaging responses in the MSC
environment, conditioned on the updated memory MY and the current session dialogue
D.yr. Through this process, the LLM learns when and what information in MU to attend to,
and how to generate an appropriate response to the user’s most recent utterance.

It is important to note that we train these tasks using LoRA, DPO, MoE, CPT, Layer
Tuning, and Neuron tuning, respectively. We then evaluate which method is most effective
for enhancing Korean MSC capabilities.

5. Experiments

As mentioned in Section 1, we first demonstrate that LLMs encounter greater difficulty
in processing Korean MSC tasks than English ones. We then train the models using various
methods and evaluate their effectiveness.

5.1. Experimental Setup

We used EXAONE 4 [28], Gemma 3 [29], Llama 3.1 [30], Qwen 2.5 [31], and Qwen 3 [32]
models to fine-tune for our experiments. For fine-tuning LLMs, we used our KEEM dataset.

5.2. Implementation Details

All experiments were conducted on eight NVIDIA A100 GPUs (80 GB each). For
EXAONE 4 and Qwen 3, which support reasoning mode, we follow the optimal config-
uration: temperature = 0.6, top-p = 0.95, and top-k = 20. For other models that do not
provide a separate reasoning mode, we set the temperature to 0.0, and both top-p and top-k
to 1. For LoRA, we set the LoRA « to 64 and the dropout rate to 0.1. The rank parameter r
(i.e., the LoRA dimension size) was set to 128. We used a batch size of 32, with 4 gradient
accumulation steps, and a learning rate of 2 x 10~ for all the tuning methods. For con-
tinual pre-training, we conduct training on 8 A100 GPUs over 3 epochs, using a context
length of 4096 tokens and a warm-up ratio of 0.01. The optimizer applies a weight decay
of 0.01, and the peak learning rate is set to 2 x 10>, following an inverse square root decay
schedule. Training is performed in FP16 precision using DeepSpeed and FlashAttention.
For the MoE method, we add MoE layers on top of the frozen LLM and train only the expert
modules. We conduct a hyperparameter search over the number of experts € {3,4,6,8,12}
and top-k routing € {1,2,3,4}. The best performance is achieved with 8 experts and top-2
routing, which we adopt for all reported results. We employ a shared expert architecture:
one expert is designated as a shared expert that remains always activated, while the top-2
experts are dynamically selected from the remaining 7 routed experts based on softmax
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gating scores. Each expert is implemented as a two-layer feed-forward network with a
hidden dimension of the backbone model. The gating network computes a softmax distri-
bution over experts, and the top-2 experts with the highest gating scores are selected for
each input token. For neuron activation measurement, we utilized the TransformerLens
library for models it supports, and PyTorch (torch==2.7.1) forward hooks for other models.
Specifically: Attention Q/K/V: We capture the output of linear projection layers (‘q_proj’,
‘k_proj’, ‘v_proj’), which do not include activation functions; FFN (MLP): We capture the
intermediate activation after the gated activation function, corresponding to the “post”
hook point in TransformerLens. This represents (W& . ) © W¥P - h in SwiGLU-based
architectures. The activation score is computed as the absolute value of these outputs,
averaged across all tokens in the input sequence. (Our code and detailed instructions will
be made available on GitHub.)

5.3. Human Evaluator Details

For manual evaluation, we recruit five native Korean speakers with familiarity in
chatbot systems as human evaluators. To ensure unbiased assessment, evaluators are not
informed of the dataset construction procedures or the specific methodologies used in our
approach and the baselines.

5.4. Evaluation of Difficulty in Processing MSC

To evaluate task difficulty, we adopt perplexity as the primary metric, as it reflects a
model’s uncertainty when generating outputs. We measure the perplexity of various LLMs
on MSC tasks. Specifically, we provide each model with dialogues ranging from one to four
sessions and examine how task difficulty changes with longer dialogue contexts. In addi-
tion, we compare the perplexity of English and Korean MSC tasks to investigate whether
LLMs struggle more with multilingual MSC than with English. Finally, we compare MSC
tasks with other inputs of similar length to confirm that MSC is inherently more challenging
than general long-context processing. Table 4 presents the perplexity results on the English
and Korean MSC datasets. We observe two key findings. First, as shown in Table 4, all
LLMs exhibit higher perplexity on the Korean MSC dataset compared to the English one,
suggesting that processing Korean MSC is more challenging for LLMs. Second, the perplex-
ity gap between the first and second sessions is relatively small compared to other session
gaps. This is because the second-session dialogues typically refer to the content of the first
session, providing related context that reduces difficulty. In contrast, the third and fourth
sessions tend to diverge from earlier content, resulting in larger perplexity differences.
Although the results in Table 4 suggest that Korean MSC is more challenging, an additional
factor should be considered. In the context of LLM vocabularies, the tokenization of Korean
may be less fine-grained than that of English. As a result, LLMs tend to generate more
tokens when producing Korean text compared to semantically equivalent English outputs.
In other words, the higher perplexity observed in the Korean MSC dataset may stem from
the linguistic characteristics of Korean rather than from the intrinsic difficulty of the MSC
task itself. To address this, we also measure the perplexity of other Korean tasks with
lengths similar to that of the Korean MSC task. Table 5 presents the perplexity results
on the Korean summarization task. As shown in Table 5, although the fourth-session
dialogues in the MSC dataset and the documents in the summarization dataset have similar
lengths, LLMs exhibit significantly higher perplexity on the MSC dataset. We hypothesize
that this is because the topics or contents of multi-session dialogues tend to shift as the
conversation progresses, whereas the topic of each document in the summarization dataset
remains relatively consistent. This result indicates that the higher perplexity observed in
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the Korean MSC dataset stems from the intrinsic difficulty of the task itself, rather than
from the linguistic characteristics of Korean.

Table 4. Perplexity results on English and Korean MSC datasets. Each LLM is instructed to generate
the final turn of every session, and perplexity is measured by averaging the token-level perplexities
across the generated outputs.

Perplexity | (Lower Is Better)

Dataset Model
Session 1 Session 1-2 Session 1-3 Session 1-4

EXAONE 4 32B 4.1 4.3 5.9 8.1
Gemma 3 12B 3.9 4.2 54 7.5
Llama 3.1 8B 3.5 4.2 5.3 7.8

KEEM (KORMSC) Qwen2.57B 3.2 3.7 5.1 7.3
Qwen 2.5 32B 2.8 3.1 5.0 7.1
Qwen 3 8B 2.9 3.0 4.6 7.1
Qwen 3 32B 2.4 24 4.2 6.7
EXAONE 4 32B 2.8 3.3 5.0 6.7
Gemma 3 12B 3.1 3.1 3.8 5.4
Llama 3.1 8B 2.6 2.7 3.9 5.6

MSC (ENG) [2] Qwen 2.57B 24 2.5 3.7 6.1
Qwen 2.5 32B 2.1 1.8 3.2 53
Qwen 3 8B 2.3 2.1 3.7 5.4
Qwen 3 32B 1.9 1.7 3.1 49

Table 5. Perplexity results on Korean summarization datasets. The documents were sampled to have
a similar length to the fourth-session dialogues in Table 4.

Task Model Perplexity
EXAONE 4 32B 53
Gemma 3 12B 45
Llama 3.1 8B 4.6

Summarization (KOR) Qwen 2.57B 44
Qwen 2.5 32B 4.0
Qwen 3 8B 44
Qwen 3 32B 41

5.5. Results of Session Summarization

For the session summarization task, our objective is to accurately and separately
generate the persona and episode memories. To this end, we fine-tune LLMs on multi-
session dialogues using various training methods. We evaluate the quality of the generated
summaries in terms of semantic similarity and informativeness. To compute these metrics,
we use the GPT-5 APL For the semantic similarity metric, GPT-5 is instructed to assign a
similarity score between 0 and 1.0 based on the semantic alignment between the generated
summary and the gold summary in the test set. For the informativeness metric, GPT-5
is asked to rate the informativeness of the generated summary, given the corresponding
session dialogue, on a scale from 1 to 5. Table 6 shows the performance results on the
session summarization task across various methods. As shown in Table 6, all LLMs
demonstrate strong performance on this task, indicating that session summarization is
not particularly challenging for them. Qwen 3 8B achieves the best performance, even
surpassing the EXAONE 4 32B model, which may possess a larger and more fine-grained
Korean vocabulary. We hypothesize that the superior performance of Qwen 3 8B stems from
its distillation from a larger model [32], allowing it to inherit the capabilities of the original
model. In addition, we observe that LoORA and MoE show limited effectiveness compared to
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the DPO and Neuron tuning methods. We attribute this phenomenon to the fact that LoRA
and MoE do not modify the original model weights, whereas DPO and Neuron tuning
directly update them. Compared to DPO, the neuron tuning method exhibits slightly better
performance. This suggests that tuning a selected subset of important neurons can be more
effective and efficient than adjusting all model weights.

Table 6. Performance results on the session summarization task. Each experiment was run five times,
and the reported scores are the averages over these runs. Statistical significance was verified using
a paired t-test; all pairwise comparisons between Neuron Tuning and other methods yield p < 0.05.
Bold indicates the best result for each metric.

Model Method Semantic Similarity Informativeness
LoRA 0.87 448
DPO 0.92 4.77
EXAONE 4 32B MoE 0.86 4.59
Layer Tuning 0.88 4.75
Neuron Tuning 0.93 4.80
LoRA 0.88 451
DPO 0.92 4.67
MoE 0.88 4.60
Gemma3 128 pp 0.89 4.69
Layer Tuning 0.89 4.73
Neuron Tuning 0.94 4.82
LoRA 0.85 4.35
DPO 0.88 4.42
MoE 0.85 4.39
Llama3.188  ~pp 0.87 442
Layer Tuning 0.86 4.50
Neuron Tuning 0.90 4.64
LoRA 0.83 4.30
DPO 0.89 4.44
MoE 0.81 4.33
Qwen 2578 CPT 0.90 449
Layer Tuning 0.89 4.51
Neuron Tuning 0.90 4.61
LoRA 0.89 4.72
DPO 0.94 4.85
MoE 0.91 4.74
Qwen 3 8B CPT 0.88 4.69
Layer Tuning 0.93 4.81
Neuron Tuning 0.95 4.92

5.6. Results of Memory Update

It is important to note that even in long-term conversations, memory updates are not
always required after every session [3]. Therefore, to accurately evaluate the effectiveness
of each method on the memory update task, we sample 500 multi-session dialogues in
which memory updates are necessary (i.e., cases where the user’s state changes in the
subsequent session) in the test set of the KEEM. Following our previous work [3], we
adopt informativeness and conflict as evaluation metrics to assess the quality of the mem-
ories generated by LLMs under each tuning method. To compute these metrics, we use
the GPT-5 API. For informativeness, GPT-5 is instructed to evaluate how informative the
generated memory is with respect to the entire session dialogue. For conflict, GPT-5 is
asked to determine whether any inconsistency exists between the generated memory and
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the dialogue, thereby verifying whether the memory update was performed accurately.
Table 7 presents the performance results for the memory update task. Overall, across
all methods and LLMs, the informativeness scores for the memory update task are lower
than those for the session summarization task. This suggests that the memory update
task is inherently more challenging. This is expected, as the session summarization task
primarily requires compressing the content of a given session dialogue, whereas the mem-
ory update task involves integrating information from both the previous memory and
the current dialogue to generate a newly updated memory. Moreover, models optimized
for reasoning exhibit better performance on the memory update task. This suggests that
reasoning capabilities are beneficial for memory updating. Next, the neuron tuning method
achieves the best performance, consistent with its results on the session summarization
task, demonstrating its overall effectiveness. In particular, we observe that neuron tuning is
significantly more effective on the EXAONE model than on the other models. We attribute
this to the characteristics of EXAONE: it was trained on only three languages—English,
Korean, and Spanish—whereas the other models were trained on a wider variety of lan-
guages. Consequently, this factor may make it easier to identify Korean-specific neurons
within EXAONE.

Table 7. Performance results on the memory update task. Each experiment was run five times,
and the reported scores are the averages over these runs. Statistical significance was verified using
a paired t-test; all pairwise comparisons between Neuron Tuning and other methods yield p < 0.05.
Bold indicates the best result for each metric.

Model Method Informativeness Conflict |
LoRA 422 15.9%
MoE 4.28 14.6%
EXAONE 4 32B Layer Tuning 4.49 13.1%
Neuron Tuning 4.67 9.8%
LoRA 427 14.5%
MoE 4.31 14.4%
Gemma 3 12B CPT 4.40 13.3%
Layer Tuning 4.32 14.6%
Neuron Tuning 4.42 12.7%
LoRA 4.14 17.3%
MoE 412 17.0%
Llama 3.1 8B CPT 4.25 14.9%
Layer Tuning 4.25 14.5%
Neuron Tuning 4.39 14.2%
LoRA 411 16.8%
MoE 4.14 16.4%
Qwen 2.5 7B CPT 423 14.4%
Layer Tuning 4.27 14.4%
Neuron Tuning 4.40 14.0%
LoRA 4.54 13.6%
MoE 4.52 13.7%
Qwen 3 8B CPT 4.61 11.5%
Layer Tuning 4.60 11.1%
Neuron Tuning 4.65 10.4%

To ensure more reliable assessment beyond automatic metrics, we conduct human
evaluation. Five evaluators are instructed to assess the informativeness of generated memo-
ries and to identify any conflicts between the generated memory and the corresponding
dialogue. We use the same sample set as in the automatic evaluation. To ensure feasibil-
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ity, we limit the evaluation to the top three models ranked by GPT-5 scores. To prevent
evaluator bias toward specific models or methods, we pool all generated memories from
the three models and present them to evaluators in randomized order without revealing
model identities. Table 8 presents the human evaluation results for the memory update task.
Consistent with the automatic evaluation results, neuron tuning demonstrates significantly
higher effectiveness compared to other methods.

Table 8. Human evaluation results on the memory update task. Inter-annotator agreement is assessed
using Krippendorff’s Alpha with ordinal metric for informativeness (« = 0.82, reliable) and Fleiss’
Kappa for conflict (x = 0.91), both indicating substantial agreement. Bold indicates the best result for
each metric.

Model Method Informativeness Conflict |
LoRA 3.67 17.5%
MoE 3.83 16.4%
EXAONE 4 328 Layer Tuning 3.88 14.7%
Neuron Tuning 4.06 11.9%
LoRA 3.42 15.4%
MoE 3.79 14.9%
Gemma 3 12B CPT 3.84 13.3%
Layer Tuning 3.83 14.2%
Neuron Tuning 3.94 12.1%
LoRA 3.35 15.6%
MoE 3.65 15.7%
Qwen 3 8B CPT 3.86 13.5%
Layer Tuning 3.82 14.3%
Neuron Tuning 3.89 12.5%

5.7. Results of Response Generation

To accurately evaluate the response generation capability under the MSC setting, we
use fifth-session dialogues designed in our previous work [3]. Each dialogue includes at
least one turn discussing updated information, ensuring that the conversation explicitly
engages with the updated memories. It is essential to note that we fine-tune LLMs using the
updated memory MY and the current session dialogue D,y to generate responses, rather
than relying on the accumulated session summarization S or the entire session dialogue
D. This decision follows previous studies [2,3], which have demonstrated that our chosen
approach is the most effective. We adopt two metrics to assess the quality of responses
generated by the tuned models. The first is engagement, which measures how effectively the
generated response engages with the user’s conversation, on a scale from 1 to 5. The second
is appropriateness of memory usage (AMU), which evaluates whether the model refers to the
correct memory when generating its response. To measure these metrics, we use the GPT-5
APL Table 9 presents the performance results for the response generation task. Similar
to the memory update task, reasoning capabilities are beneficial for generating responses
that appropriately reference related memories. To produce an engaging response under
the MSC setting, the model must reason about which memories to use and when to use
them. Moreover, the neuron tuning method achieves the best performance across all LLMs,
demonstrating its effectiveness. These results indicate that neuron tuning is more effective
than LoRA, DPO, and MoE for fine-tuning LLMs on MSC tasks. However, there remains
room for improvement in response generation.
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Table 9. Performance results on the response generation task. Each experiment was run five times,
and the reported scores are the averages over these runs. Statistical significance was verified using
a paired t-test; all pairwise comparisons between Neuron Tuning and other methods yield p < 0.05.
Bold indicates the best result for each metric.

Model Method Engagement AMU 1
LoRA 3.78 85.9%
MoE 3.73 84.7%
EXAONE 4 32B Layer Tuning 3.99 84.6%
Neuron Tuning 4.06 86.9%
LoRA 3.64 82.3%
MoE 3.63 82.2%
Gemma 3 12B CPT 3.90 83.5%
Layer Tuning 391 83.4%
Neuron Tuning 3.98 83.9%
LoRA 3.62 78.9%
MoE 3.66 78.4%
Llama 3.1 8B CPT 3.84 81.9%
Layer Tuning 3.82 81.6%
Neuron Tuning 3.89 82.7%
LoRA 3.59 77.4%
MoE 3.61 77.3%
Qwen 2.5 7B CPT 3.79 81.6%
Layer Tuning 3.72 80.4%
Neuron Tuning 3.87 81.7%
LoRA 3.73 85.0%
MoE 3.78 85.0%
Qwen 3 8B CPT 3.88 85.8%
Layer Tuning 3.82 85.4%
Neuron Tuning 3.97 87.4%

To ensure more reliable assessment beyond automatic metrics, we conduct human
evaluation. For the response generation task, we introduce an additional metric, naturalness,
which evaluates the fluency and naturalness of generated responses in Korean on a 5-point
Likert scale. We exclude this metric from automatic evaluation because even GPT-5 is
unreliable for assessing naturalness in Korean. The correlation between automatic and
human evaluation scores on naturalness (0 = 0.58) is substantially lower than that of
other metrics, indicating that current frontier models struggle to adequately assess Korean
naturalness compared to other evaluation criteria. As shown in Table 10, consistent with
the automatic evaluation results, neuron tuning outperforms all baselines across every
metric, demonstrating its effectiveness for response generation in MSC settings. Notably,
Qwen3 8B exhibits relatively lower performance compared to EXAONE4 32B and Gemma3
12B. Further analysis reveals that Qwen3 8B frequently generates Chinese characters within
its responses, resulting in low scores from human evaluators.
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Table 10. Human evaluation results on the response generation task. Inter-annotator agreement is
assessed using Krippendorff’s Alpha with ordinal metric for engagement and naturalness (x, = 0.83,
ay = 0.87) and Fleiss” Kappa for AMU (k. = 0.90), both indicating substantial agreement. Bold
indicates the best result for each metric.

Model Method Engagement Naturalness AMU 1t
LoRA 3.57 4.48 83.1%
MoE 3.57 4.40 82.4%
EXAONE 4 328 Layer Tuning 3.69 4.51 81.3%
Neuron Tuning 3.90 4.54 83.5%
LoRA 3.44 4.32 80.6%
MoE 3.41 4.33 80.2%
Gemma312B  CPT 3.77 4.46 81.8%
Layer Tuning 3.72 4.45 81.6%
Neuron Tuning 3.85 4.53 83.0%
LoRA 3.37 4.10 79.2%
MoE 3.40 412 80.0%
Qwen 3 8B CPT 3.69 418 80.4%
Layer Tuning 3.65 4.19 80.5%
Neuron Tuning 3.78 4.24 81.6%

5.8. Effectiveness of Dividing Session Summarization Type

Table 11 presents the perplexity and engagement scores when persona and episode
memory are considered separately and vice versa. As Table 11 demonstrates, the division
of persona and episode memory results in slightly improved performance for generating
responses in long-term conversation scenarios. This suggests that distinguishing between
long-term information (such as user introductions, personal details, preferences, posses-
sions, relationships, and aspirations) and short-term episodic information can enhance the
ability of the model to generate more engaging responses.

Table 11. Results of automatic evaluation on the generated response according to dividing persona
and episode memory. The scores were averaged across all LLMs. Bold indicates the best result for
each metric.

Session 2 Session 3 Session 4
Method
PPL | Eng. 1 PPL | Eng. 1 PPL | Eng. 1
w/o divide 3.9 3.94 5.4 3.69 6.7 3.53
w/ divide 3.1 4.32 4.0 4.11 5.1 3.92
6. Analysis

6.1. Effectiveness of Multi-Task Learning

So far, we have fine-tuned LLMs on each task independently. However, since the
three tasks are all related to conducting MSC, we additionally fine-tune LLMs under multi-
task and continual learning settings to investigate which approach is more effective in these
scenarios. For multi-task learning, we fine-tune LLMs on all three tasks simultaneously.
For continual learning, we fine-tune LLMs on the session summarization, memory update,
and response generation tasks sequentially. Figure 2 presents the results of multi-task
and continual learning across the three tasks. As shown in the figure, multi-task learning
improves performance on certain tasks, implying that jointly learning multiple tasks may
facilitate beneficial interactions among them. In contrast, continual learning substantially
degrades the performance of all tasks except for the neuron tuning method. The LoRA,
CPT, and Layer tuning methods lose the ability to perform previously learned tasks while
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acquiring new capabilities, suggesting that these approaches are not well-suited for con-
tinual learning. We speculate that the limited capacity of LoRA restricts its ability to
retain knowledge from multiple tasks. In the case of CPT, although it updates all model
parameters, it still suffers from catastrophic forgetting. By contrast, the neuron tuning
method preserves prior task performance, as it modifies only a small subset of weights
responsible for language-specific capabilities, such as Korean. This finding underscores the
effectiveness of neuron tuning for continual learning.

O LoRA (Shape)

@ Multi-task (Color) O Layer Tuning (Shape)
@ Continual (Color) < CPT (Shape)

ABaseline

Baseline

Session
Summarization

4 Neuron Tuning (Shape)

A
Baseline
Baseline
Haseline
A
A Baseline

lBaseline

Baseline
Baseline

Memory Response
Update Generation

Figure 2. Results of multi-task and continual learning across all methods.

6.2. Comparative Evaluation of Neuron Identifying Methodologies

To demonstrate the effectiveness of our neuron identification methodology, we fine-
tune the neurons detected by our method and by LAPE, respectively, and then compare
their results. As mentioned earlier, we first analyze the neuron distribution from our
method across all layers according to whether activation score normalization is applied.
As shown in Figure 3, without normalization, neurons are concentrated in specific layers
(Figure 3a,c). In contrast, with normalization, neurons are more evenly distributed across
layers (Figure 3b,d). Because the distribution of neurons differs depending on whether
normalization is applied, the effect of neuron tuning may also vary. Intuitively, we can
expect that tuning neurons identified without normalization would resemble layer-specific
tuning, since those neurons are highly concentrated within certain layers. Figure 4 presents
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the performance results of neuron tuning according to the neuron detection method. Tun-
ing neurons identified without normalization significantly degrades the performance of
both the memory update and response generation tasks. This finding is consistent with
the observations of [9], which reported that LLMs tend to transfer multilingual inputs
into English representations in shallow layers, perform reasoning in English in the middle
layers, and generate outputs in the original language in the top layers. Because neurons
identified without normalization do not exist in the shallow layers, tuning these neurons
is not beneficial for improving LLMs’ understanding of Korean inputs. Moreover, tuning
neurons identified by the LAPE method also leads to decreased performance on both
tasks. Since LAPE focuses solely on entropy across languages, the neurons it identifies are
typically associated with generating Korean outputs rather than understanding Korean
inputs or supporting reasoning. These results demonstrate that our neuron identification
method—which jointly considers both activation scores and entropy—is effective in de-
tecting critical neurons that contribute to understanding Korean inputs within English
representations and reasoning processes.

Distribution of Top 1% KO-Specific Neurons Across Layers for Qwen/Qwen3-88 Distribution of Top 1% KO-Specific Neurons Across Layers for Qwen/Qwen3-88
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Figure 3. Distribution of Korean-specific neurons identified by our method across all layers, with and
without activation score normalization. (a) Distribution of Qwen3-8B attention module’s neuron
w /o normalization. (b) Distribution of Qwen3-8B attention module’s neuron w/ normalization.
(c) Distribution of Qwen3-8B MLP module’s neuron w/o normalization. (d) Distribution of Qwen3-8B
MLP module’s neuron w/ normalization.
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Figure 4. Performance results on the memory update (Informativeness) and response generation
(Engagement) tasks across neuron identifying methods. Each experiment was run three times, and the
reported scores are the averages over these runs.

7. Conclusions

In this study, we conducted a comprehensive empirical analysis of LLMs for long-term
conversations (i.e., MSC) in Korean. Our investigation revealed that Korean MSC poses
significantly greater challenges for current LLMs than its English counterpart, highlighting
the limitations of multilingual language understanding in long-term conversational con-
texts. To address this issue, we explored multiple training paradigms—LoRA, DPO, MoE,
and Neuron Tuning—across key tasks in memory-augmented dialogue: session summariza-
tion, memory update, and response generation. Experimental results demonstrated that
Neuron Tuning consistently outperforms other methods, achieving both effectiveness and
efficiency by selectively fine-tuning neurons responsible for language-specific and reason-
ing capabilities. Furthermore, we proposed an improved neuron identification method that
integrates activation scores and entropy, overcoming the limitations of existing approaches
such as LAPE. The identified neurons not only yielded superior task performance but also
provided deeper insight into the internal mechanisms of multilingual reasoning. In addition,
our analysis on multi-task and continual learning revealed that while multi-task learning
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can foster positive task interaction, most tuning methods suffer from catastrophic forgetting
under continual learning—except Neuron Tuning, which preserves prior knowledge due
to its localized adaptation strategy. These findings underscore the potential of neuron-level
tuning as a scalable and interpretable approach for improving LLMs’” multilingual long-term
conversational ability. In future work, we plan to extend our study to other underrepresented
languages and explore neuron-level cross-lingual transfer for continual learning. We also aim
to integrate explicit reasoning modules and dynamic memory retrieval mechanisms to further
enhance the coherence and adaptability of long-term dialogue in multilingual settings.
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Abbreviations

The following abbreviations are used in this manuscript:

LLM Large Language Model

MSC Multi-Session Conversation

PLM Pre-trained Language Model

LoRA  Low-Rank Adaptation

DPO Direct Preference Optimization

MoE Mixture-of-Experts

RAG Retrieval-Augmented Generation

KEEM Keep Emotion and Essential Memory

LAPE  Language Activation Probability Entropy
PLND  Parallel Language-specific Neuron Detection
CPT Continual Pre-Training

RL Reinforcement Learning

RLHF  Reinforcement Learning with Human Feedback
AMU  Appropriateness of Memory Usage
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Appendix A
Details of Instructions

Tables A1 and A2 present the instructions for persona—episode memory separation
and memory update, respectively.

Table Al. Instruction for separating persona and episode memory.

Instruction (Translated into English)

Given a dialogue between a user and a chatbot, along with its summarized memory,
separate the memory into persona memory and episode memory.

Persona memory should include long-term information

about the user—details that are unlikely to change frequently.

Examples include the user’s name, place of residence,

occupation, preferences, personality traits, and other stable personal attributes.

Episode memory should include short-term information

that often changes based on the user’s recent experiences or events.

Examples include recent important events in the user’s life,

current emotions and their causes, and other context-specific or time-sensitive details.

Table A2. Instruction for memory update.

In cases where the information in [speaker’s summary]

requires modifying or deleting a sentence in [Persona Memory] or [Episode Memory],
you must update the corresponding sentence to reflect

the most recent information while maintaining overall consistency.

Persona Memory contains long-term user information

(e.g., name, residence, occupation, stable preferences) accumulated

across past conversations.

Episode Memory contains short-term or

changeable information (e.g., recent events, current emotions and their causes).

Because [speaker’s summary] reflects the current conversation,
it always contains the most recent information.

Therefore, when discrepancies arise,

you must update [Persona Memory] or [Episode Memory]
using the content of [speaker’s summary].

You must not merge, modify, or delete sentences

in Persona Memory or Episode Memory solely

because they address the same topic. You should update a sentence only

when it must be changed based on the new information in [speaker’s summary],
or when the information naturally continues.

When updating, ensure that no new content is invented and that no existing content is lost.
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