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Abstract

In Korean medical LLMs, domain-trained mod-
els underperform General LLMs of compara-
ble parameter scale. We attribute this para-
doxical failure to a cascading two-bottleneck
structure: tokenizer over-fragmentation (Frag-
mentation bottleneck, B1) compounded by a
learning-stage representation-alignment failure
(Alignment bottleneck, B2). Using the Korean
medical domain as a case study, we diagnose
this paradox and propose VocMoE, which is
designed to address both bottlenecks: DVE se-
lects domain vocabulary from a medical BERT
via an information-theoretic score, and MoDE
uses the DVE output (the partition of token
ids) as the vocabulary-conditioned, determin-
istic routing key of the MoE FFN. In this
view, the vocabulary partition itself serves as
a routing prior, shifting routing from hidden-
state learning to vocabulary identity. MediKo-
9B-A4B reaches simultaneous SOTA on Ko-
rMedMCQA (57.5, +14.8 pt), KMMLU Med-
ical, and HAE-RAE, while MediKo-4B-A1B
(active 1.69B) surpasses Qwen3-8B (8B) and
KULLM3 (10.7B) on KorMedMCQA, updat-
ing the active-parameter efficiency frontier.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable performance on general natural-language
understanding, and this success has driven the de-
velopment of Domain LLMs specialized for profes-
sional domains such as medicine (PMC-LLaMA,
Wu et al., 2024; Meditron, Chen et al., 2023;
BioMistral, Labrak et al., 2024), science (Inno-
vator; Liao et al., 2025), law (SaulLM; Colombo
et al., 2024), and finance (BloombergGPT; Wu
et al., 2023). These models typically inject domain
knowledge via Continual Pre-Training (CPT) on
domain-specific corpus and have achieved mean-
ingful gains on English-language benchmarks.

However, a paradoxical pattern emerges in Ko-
rean medical LLM adaptation, where domain-fine-

tuned models underperform General LLMs of com-
parable parameter scale despite undergoing explicit
domain-specific training. On Korean medical-token
PPL and Top-1 (Table 1), English, multilingual,
and Korean Medical LLMs all trail General LLMs
of comparable parameter scale. This pattern is not
explained by a simple data-quantity gap; rather, it
points to a fundamental representational limitation
that domain training alone does not resolve.

We attribute this limitation to a representational
deficiency of non-English medical vocabulary, orig-
inating from a two-stage cascading bottleneck: (i)
the tokenizer fragments domain vocabulary into ex-
cessive sub-words, and (ii) representations of these
fragmented tokens fail to align sufficiently during
training, eroding semantic precision. We use the
Korean medical domain as a case study to diag-
nose this quantitatively and propose a framework
potentially applicable to other non-English medical
domains.
Fragmentation bottleneck (B1). Major LLM to-
kenizers fragment Korean medical terms roughly
2.9–4.6× more than Korean general words (Ta-
ble 2a), with zero single-token representations
observed across all five tokenizers. This over-
fragmentation raises training and inference cost and
induces representational confusion (semantically
unrelated tokens partially sharing representations)
— a phenomenon previously reported for byte-level
fallback in Chinese-LLaMA (Cui et al., 2023) and
Bllossom (Choi et al., 2024) and extending to BPE-
based fragmentation.
Alignment bottleneck (B2). To test whether frag-
mentation affects representation quality, we extract
Qwen3-8B contextual embeddings of the same
medical term across English, French, German, Chi-
nese, and Korean, computing the cosine similarity
between each non-English embedding and its En-
glish counterpart (Table 2b). Korean—with high-
est fragmentation rate—shows lowest similarity,
and similarity decreases monotonically with frag-
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Group Model Med PPL↓ Med Top-1↑ ∆

Gen-Multi Qwen3-8B (Yang et al., 2025) 5.41 62.9% ref
Gen-Ko KULLM3 (NLP & AI Lab, Korea University, 2024) 4.27 63.1% +0.2
En-Med OpenBioLLM-8B (Pal and Sankarasubbu, 2024) 8.68 54.5% −8.4
Multi-Med MMed-Llama3-8B (Qiu et al., 2024) 38.58 37.9% −25.0
Ko-Med Kor-Med-LLaMA3-8B (ih9511, 2024) 6.95 57.7% −5.2

Table 1: Korean medical-token PPL and next-token Top-1 (DVE token set, 8,374 terms). Best model per category;
∆ = Top-1 gap vs. Qwen3-8B. Full 14-baseline numbers in App. Table A15.

(a)

Tokenizer Med (Ko) Gen (Ko) Ratio

Qwen3 6.5 1.7 3.9×
LLaMA-3 6.8 1.5 4.6×
Mistral 9.6 3.3 2.9×
Gemma-2 6.4 1.7 3.7×
GPT-OSS 5.7 1.6 3.6×

(b)
Domain Category EN–FR EN–DE EN–ZH EN–KO KO Frag

General — 0.788 0.709 0.611 0.494 1.3

Medical

Low frag (∼2) 0.708 0.679 0.692 0.382 2.2
Mid frag (∼4) 0.572 0.549 0.574 0.363 4.5
High frag (∼7) 0.612 0.639 0.514 0.344 7.3
All 0.630 0.622 0.593 0.363 4.7

Table 2: Bottleneck evidence. (a) Fragmentation of Korean medical vs. general words across five LLM tokenizers
(B1). (b) Qwen3-8B cross-lingual cosine to English, medical terms binned by Korean fragmentation (∼2/4/7 sub-
words). EN–KO drops 0.494→0.344 monotonically with fragmentation while other languages stay ∼0.6 (cascading
B1→B2).

mentation. Bottleneck 2 is thus not independent of
Bottleneck 1 but cascadingly constrained by it.

Vocabulary expansion alone is insufficient. A
direct approach is Vocabulary Expansion (Llama-2-
Ko, Lee, 2024; EEVE, Kim et al., 2024b; AdaptiVo-
cab, Nakash et al., 2025; VEGAD, Liu et al., 2024;
Bllossom, Choi et al., 2024), which mitigates over-
fragmentation by representing domain terms with
appropriate sub-word granularity. However, most
methods merge external vocabularies through sim-
ple set unions without explicit linguistic or domain
specificity, and process expanded and existing to-
kens through the same learning pathway—causing
knowledge to be bound onto unstable representa-
tions during training. Bottleneck 1 is thus allevi-
ated but Bottleneck 2 re-emerges, requiring two
conditions: (i) effective selection and expansion of
domain vocabulary, and (ii) separation of learning
pathways.

We propose VocMoE (Vocabulary-Guided
Mixture-of-Experts), a framework designed to
jointly address the two requirements identified.
The first component, DVE, selects domain vocabu-
lary candidates from KM-BERT (Kim et al., 2022)
using an information-theoretic scoring function
(Eq. 1), reducing the mean fragmentation of do-
main tokens from 4.5 to 1.6 (a 64% reduction).
The second component, MoDE, introduces an FFN
architecture that architecturally separates the for-
ward paths of expanded and existing tokens. Instead
of using a learned router, MoDE directly uses the

DVE-defined token-id partition as the routing key.
We instantiate VocMoE in the Korean medical do-
main through the MediKo family, trained at three
base scales: 1.1B-A0.6B, 4B-A1B, and 9B-A4B.

Our contributions are three-fold: (1) Cascad-
ing two-bottleneck analysis. We provide evidence
that non-English medical adaptation failure can
arise from a cascading interaction between tok-
enizer over-fragmentation and learning-stage repre-
sentation misalignment. (2) The VocMoE frame-
work. We propose vocabulary-conditioned MoE
routing, where vocabulary ids directly determine
routing paths, enabling architectural isolation of
general-token representations. (3) Simultaneous
medical/general SOTA. MediKo achieves state-of-
the-art performance on both Korean medical and
general benchmarks, overcoming the conventional
domain-up / general-down trade-off.

2 Related Work

2.1 Domain Vocabulary Expansion

Continual Pre-Training (CPT) for domain adap-
tation (Gururangan et al., 2020; Ke et al., 2023)
has produced specialized LLMs across diverse
fields, including medicine (PMC-LLaMA, Wu
et al., 2024; Meditron, Chen et al., 2023; BioMis-
tral, Labrak et al., 2024), law (SaulLM; Colombo
et al., 2024), and finance (BloombergGPT; Wu
et al., 2023). For non-English domains, multiple
studies have identified excessive tokenizer fragmen-
tation as a primary limitation (Chinese-LLaMA,
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Cui et al., 2023; Bllossom, Choi et al., 2024),
and Llama-2-Ko (Lee, 2024), EEVE (Kim et al.,
2024b), AdaptiVocab (Nakash et al., 2025), and
VEGAD (Liu et al., 2024) have attempted to mit-
igate it through Vocabulary Expansion. However,
these approaches merge external vocabularies as
simple set unions without explicit linguistic or do-
main specificity, and more critically, they process
expanded and existing tokens through the same
learning path, leaving the cascading training-stage
deficit unresolved. Our DVE selects new tokens
from the KM-BERT (Kim et al., 2022) medical
vocabulary via an information-theoretic frequency-
based score that blocks general-vocabulary noise,
and uses its output (the token-id partition) as the
routing key of MoDE, jointly addressing the cas-
cading bottleneck at both the vocabulary and archi-
tectural levels. Full tokenizer retraining and vocab-
ulary reallocation must re-establish alignment with
the base weights from scratch, which makes a fair
comparison under an identical CPT budget diffi-
cult, while domain adapters operate on an axis or-
thogonal to FFN path separation. Our experiments
instead compare an expansion-only condition and
a learned-routing condition under identical settings
(§4.3, §4.4).

2.2 MoE for Domain Adaptation

Sparse Mixture-of-Experts (MoE) architectures
were introduced by Switch Transformers (Fedus
et al., 2022) and later advanced through Mix-
tral (Jiang et al., 2024), DeepSeekMoE (Dai et al.,
2024), and Qwen3-MoE (Yang et al., 2025). Ex-
isting MoE-based domain adaptation approaches
largely follow two directions. The first employs
learned domain-aware routing to allocate domain
tokens to specialized experts (Innovator Liao
et al., 2025). The second uses modality-aware
routing to mitigate multimodal task interference
(MoME Shen et al., 2024, EvoMoE Wang et al.,
2025, and SMAR Xia et al., 2025). Despite their
differences, both approaches rely on learned rout-
ing, which can temporarily disrupt the base model’s
representational alignment during early training. In
contrast, we shift routing decisions from the learn-
ing domain to the vocabulary domain. Specifically,
the DVE-defined token-id partition serves as a de-
terministic routing key, keeping the general-token
forward path architecturally isolated throughout
training. Unlike prior work that primarily uses MoE
for active-sparsity optimization, VocMoE adopts
the MoE structure for domain-knowledge adapta-

tion.

3 Method

The central design principle of VocMoE is to shift
routing from learned hidden-state classifiers to the
vocabulary partition itself. VocMoE consists of two
components: DVE directly addresses Bottleneck 1
(tokenizer-level over-fragmentation) through vo-
cabulary expansion, and MoDE addresses Bottle-
neck 2 (architecture-level learning-stage misalign-
ment) by separating forward paths at the FFN level.
Figure 1 illustrates the overall architecture (a), the
MoDE FFN block (b), and the DVE scoring distri-
bution (c).

3.1 Domain Vocabulary Expansion (DVE)
DVE is a vocabulary expansion procedure designed
to directly mitigate the over-fragmentation imposed
by the base tokenizer on Korean medical terminol-
ogy. Candidate domain tokens are extracted from
KmBERT (Kim et al., 2022), a Korean medical
BERT model trained with BPE on a Korean medi-
cal corpus. After removing tokens already included
in the base tokenizer (Qwen3), 14,090 candidate
tokens remain.

To quantify the expansion value of each candi-
date token t, we define the following information-
theoretic scoring function:

Score(t) = Frag(t) · log(1 + Freq(t))

·max(0, PMI(t)),
(1)

where Frag(t) is the number of sub-words the base
tokenizer decomposes t into, Freq(t) is the medical-
corpus frequency, and PMI(t) is the pointwise mu-
tual information (Church and Hanks, 1990) be-
tween the medical corpus and Korean Wikipedia;
the three terms encode fragmentation cost, learn-
ability, and domain specificity, respectively.

Applying this scoring, the top-K=5,000 of the
8,374 candidates with Score> 0 are added to the
tokenizer, reducing the mean fragmentation of can-
didate tokens from 4.5 to 1.6 (a 64% reduction);
the embeddings of newly added tokens are intro-
duced as learnable parameters and initialized via
Mean initialization for stable training.

3.2 Mixture-of-Domain-Experts (MoDE)
Even with vocabulary expansion, as long as the
training path remains unified, the representation
alignment failure of Bottleneck 2 re-emerges at
the training stage. Standard MoE upcycling routes
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Figure 1: VocMoE architecture. (a) Tokens are embedded using the extended vocabulary (Existing + DVE) and
routed by τ through L MoDE blocks. (b) MoDE. τ separates token paths according to token type: domain tokens
are processed by the top-K medical experts, while general tokens pass through the preserved General FFN before
the two paths are merged. (c) DVE. Distribution of candidate-token scores (Eq. 1). Tokens with Score = 0 are
discarded, and the top-K=5,000 tokens are added to the tokenizer.

the hidden state through a learned router across
N experts, temporarily disrupting the representa-
tion alignment that the base model acquired during
pre-training and forcing it to be re-aligned via do-
main training (§2). MoDE addresses this bottleneck
by moving the routing decision from the learning
domain to the vocabulary domain (Figure 1(b)).
Our use of the MoE architecture differs from typ-
ical sparse MoE: the main objective is forgetting
prevention via architectural isolation of the general-
token path, while the MoE structure is restricted
to providing specialization capacity for medical
tokens.

The token type is determined deterministically
from the vocabulary id:

τt = 1[ idt ∈ Vmed ] , (2)

where Vmed is the set of medical token ids iden-
tified by DVE (newly added tokens plus base-
vocabulary tokens flagged as medical by DVE scor-
ing). General tokens (τ = 0) and domain tokens
(τ=1) are branched deterministically at the token
id itself, without any learned classifier.

The FFN block of each transformer layer is then

branched according to the token type:

outt =

⎧
⎨
⎩
FFNgen(ht) τt = 0,
∑︁

e∈Tt we FFN
med
e (ht) τt = 1,

(3)

where Tt = TopK(R(ht)) is the set of top-
K expert indices selected by the medical router
R(·). FFNgen shares the same dimension (inter-
mediate_size) as the base model’s dense FFN,
and is initialized by copying the base weights
via Sparse Upcycling (Komatsuzaki et al., 2023).
{FFNmed

e }Nmed
e=1 are Nmed medical expert FFNs

(with moe_intermediate_size), and the medical
router R(·) = WRht is applied only to domain to-
kens to select the top-K experts. Because the router
is updated only on medical tokens, its learning bur-
den is small. Existing sparse MoE and modality-
conditioned routing methods rely on hidden-state-
conditioned learned routers, causing transient dis-
ruption of the forward path during early training. In
contrast, MoDE determines routing directly from
token ids, maintaining fixed routing throughout
training.

This architecture enforces two forms of isola-
tion by construction. (i) Forward isolation. Be-
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Domain Source Size (GB) Language

Medical Public 107.4 Ko+En
Clinical inst. 0.8 Ko

General NIKL 32.1 Ko
Wiki 7.1 Ko

Total 147.4

Table 3: Korean CPT corpus composition. Medical
sources cover clinical text, papers, guidelines, and re-
ports; General sources cover newspaper and encyclope-
dia. Sub-source breakdown in Appendix B (Table A3).

cause no medical-expert or router parameter ap-
pears on the FFN path of τt=0 tokens, the general-
token FFN forward path remains structurally pre-
served throughout training (the effect of shared
self-attention on hidden states is analyzed in Ap-
pendix Figure A1). (ii) Gradient isolation. The
loss generated by each token type produces zero
gradient on the parameters of the other path, re-
sulting in independent learning dynamics between
general and medical tokens.

3.3 Training
Training Corpus. We use a 108.2 GB Korean
medical corpus (Medical/Ko, integrating and pre-
processing AI-Hub and clinical-institution mate-
rials) together with a 39.2 GB Korean general
corpus (General/Ko: NIKL Modu newspaper, Ko-
rean Wikipedia, and Namuwiki) (Table 3). After
preprocessing (deduplication and length filtering),
the mixed corpus contains approximately 19.5B
tokens, with a token-level mix ratio of Medi-
cal/Ko 76% / General/Ko 24% set to preserve
general Korean capability. A full sub-source break-
down is provided in Appendix B (Table A3).
Continual Pre-Training. We perform continual
pre-training on the mixed corpus described above,
exposing the model to approximately 19.5B train-
ing tokens. The training loss is defined as

L = LCE + α · Laux, α = 0.001, (4)

where LCE is the standard next-token prediction
cross-entropy loss and Laux is a load-balancing
auxiliary loss in the form of Switch Trans-
former (Fedus et al., 2022), applied only to medical
tokens:

Laux = Nmed

Nmed∑︂

e=1

fe · pe, (5)

where fe is the fraction of medical tokens assigned
to expert e and pe is the per-expert average of the

router probabilities over medical tokens. When no
medical token is present in a batch, the medical
router produces no output and Laux computation is
skipped.

To strengthen the weight-level isolation of the
general FFN at the optimization dynamics level, we
apply parameter grouping: general FFN parameters
use ηgen = 0.1 η (one tenth of the base learning
rate), while the remaining parameters (medical ex-
perts, router, attention, embedding, lm_head) use
the base rate η.
Supervised Fine-Tuning. After CPT, we ap-
ply LoRA (Hu et al., 2022)-based supervised
fine-tuning to enhance the model’s instruction-
following capability. The training data combine
medical-domain QA and general-domain QA,
jointly aligning domain expertise and general re-
sponse quality. The detailed composition is de-
scribed in Appendix C.

4 Experiments

4.1 Experimental Setup

MediKo Line-up. We train three MediKo mod-
els under the VocMoE framework, varying only
the base model. MediKo-1.1B-A0.6B is built on
Qwen3-0.6B with Nmed=8 medical experts, top-
K = 2, and an MoE intermediate dimension of
768. MediKo-4B-A1B uses the same expert config-
uration on Qwen3-1.7B with an MoE intermediate
dimension of 1280. MediKo-9B-A4B is built on
Qwen3-4B with Nmed=16, K=4, and the same
MoE intermediate dimension. The first two share
the expert configuration so that the effect of base
scale can be isolated, while the 9B-A4B variant
doubles both the expert pool and the top-K to ver-
ify capacity scaling.
Baseline Models.

The General-Multi group includes Qwen3
0.6B/1.7B/4B/8B (Yang et al., 2025), Llama-3.1-
8B (Dubey et al., 2024), and Mistral-7B-v0.3 (Jiang
et al., 2023). The General-Ko group includes
KULLM3 (NLP & AI Lab, Korea University,
2024), SOLAR-10.7B (Kim et al., 2024a), and
Polyglot-Ko-12.8B (Ko et al., 2023), which to-
gether measure how Korean-specialized training
transfers to the medical domain. The medical base-
lines comprise OpenBioLLM-8B (Pal and Sankara-
subbu, 2024) and BioMistral-7B (Labrak et al.,
2024) as En-Medical cases of English medical CPT
applied to Korean, MMed-Llama3-8B (Qiu et al.,
2024) as a representative Multi-Medical case of Ko-
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Group Model Active Params KorMed KMMLU-Med EnMed KoBEST HAE-RAE

General-Multi

Qwen3-0.6B 0.6B 3.2±0.3 22.9±2.3 44.7±1.0 48.2±0.8 22.9±1.3

Qwen3-1.7B 1.7B 35.8±0.9 36.6±2.6 57.0±1.0 48.6±0.8 40.1±1.5

Qwen3-4B 4B 38.2±0.9 47.1±2.6 66.9±1.0 53.1±0.8 50.2±1.6

Qwen3-8B 8B 42.2±0.7 52.4±2.5 70.7±0.9 64.0±0.7 57.7±1.6

Llama-3.1-8B 8B 27.9±0.8 39.2±2.6 68.5±1.0 54.4±0.8 44.7±1.6

Mistral-7B-v0.3 7B 29.6±0.9 27.6±2.3 63.5±1.0 51.8±0.8 38.2±1.6

General-Ko
KULLM3 10.7B 42.7±0.9 39.1±2.6 65.4±1.0 67.7±0.7 54.0±1.6

SOLAR-10.7B 10.7B 5.9±0.4 31.4±2.5 62.9±1.0 53.5±0.8 52.2±1.6

Polyglot-Ko-12.8B 12.8B 6.9±0.5 25.9±2.3 40.8±1.0 64.9±0.7 21.9±1.3

En-Medical OpenBioLLM-8B 8B 39.9±0.9 36.4±2.6 64.6±1.0 53.1±0.8 49.7±1.6

BioMistral-7B 7B 30.5±0.9 30.1±2.5 60.2±1.0 48.4±0.8 31.7±1.5

Multi-Medical MMed-Llama3-8B 8B 40.0±0.9 30.4±2.5 68.5±1.0 47.8±0.8 36.2±1.5

Ko-Medical Kor-Med-LLaMA3-8B 8B 38.9±0.9 35.1±2.6 65.3±1.0 60.3±0.8 47.8±1.6

hari-q3-8b 8B 27.9±0.8 51.2±2.5 70.7±0.9 65.0±0.7 59.1±1.5

Ours
MediKo-1.1B-A0.6B 0.59B 32.6±0.8 33.3±2.4 51.1±1.0 53.4±0.8 43.1±1.5

MediKo-4B-A1B 1.69B 44.8±0.9 44.5±2.6 60.8±1.0 59.3±0.8 50.2±1.5

MediKo-9B-A4B 4.5B 57.5±0.9 53.0±2.6 66.9±1.0 63.9±0.8 62.1±1.6

Table 4: Main benchmark results — 5-benchmark Avg score, zero-shot. Bold = column-wise 1st; underline =
2nd. Medical-domain: KorMedMCQA (doctor, nurse, pharmacist, dentist licensing), KMMLU Medical (biology,
health), English Medical (MedQA, PubMedQA). General-domain: KoBEST (5 reasoning sub-tasks), HAE-RAE (5
culture/language sub-tasks). Subscripts denote standard errors. Sub-task breakdowns are provided in Appendix D.

General (Qwen3)

General-Multi

General-Ko

EN-Medical

Medical-Multi

Ko-Medical

Ours (MediKo)

(a) KorMedMCQA (b) KMMLU Medical (c) HAE-RAE

Figure 2: Active-parameter Pareto on KorMedMCQA / KMMLU Medical / HAE-RAE. X: active parameters (B, log
scale); Y: benchmark Avg (%). MediKo (⋆, orange) updates the Pareto frontier on all three benchmarks.

rean medical-domain underperformance, and two
Ko-Medical comparators that share our Korean-
medical training strategy: Kor-Med-LLaMA3-
8B (ih9511, 2024) and hari-q3-8b (Healthcare AI
Research Institute (HARI), Seoul National Univer-
sity Hospital (SNUH), 2025).
Benchmarks. We evaluate medical capability on
three benchmark groups. The first is KorMedM-
CQA (Kweon et al., 2024), a Korean medical
licensing examination benchmark consisting of
four sub-tasks (doctor, nurse, pharmacist, and den-
tist), evaluated with exact match accuracy. The
second is KMMLU Medical (Son et al., 2024a),
which includes biology and health subsets eval-
uated using accuracy. The third consists of En-
glish medical benchmarks, including MedQA 4-
option (Jin et al., 2021) and PubMedQA (Jin et al.,
2019). General Korean capability is evaluated on

KoBEST (Jang et al., 2022), which contains BoolQ,
COPA, HellaSwag, SentiNeg, and WiC, as well as
HAE-RAE (Son et al., 2024b), which covers gen-
eral knowledge, history, loan words, rare words,
and standard nomenclature. All evaluations are
conducted in the zero-shot setting, and the three
MediKo models are compared against 14 baselines.

4.2 Main Results

This section reports MediKo against all baselines
on the five benchmarks. Table 4 consolidates the
Avg score of each benchmark so that (i) medical-
domain recovery and (ii) general Korean preserva-
tion can be read jointly; sub-task breakdowns are
deferred to Appendix D.
Medical Domain Recovery. MediKo-9B-A4B
reaches SOTA on both KorMedMCQA (+14.8
points over the previous best, KULLM3) and
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# CPT DVE MoDE SFT KorMed KMMLU-Med EnMed KoBEST HAE-RAE

1 - - - - 38.2 47.1 66.9 53.1 50.2
2 ✓ - - - 48.2 47.0 65.3 55.1 53.2
3 ✓ ✓ - - 50.8 47.9 64.2 57.6 55.9
4 ✓ ✓ ✓ - 54.2 48.5 63.0 60.8 58.0
5 ✓ ✓ ✓ ✓ 57.5 53.0 66.9 63.9 62.1

Table 5: Component-wise ablation on a Qwen3-4B base. ✓marks active components; row #4 is our CPT model
(Ours, MediKo-9B-A4B) and row #5 adds SFT. All scores are zero-shot Avg.

KMMLU Medical, while MediKo-4B-A1B (ac-
tive 1.69B) already surpasses Qwen3-8B (8B)
and KULLM3 (10.7B) on KorMedMCQA (Fig-
ure 2). In contrast, the adaptation failure previ-
ously observed in Medical LLMs does not reap-
pear under our architecture: while every existing
medical-training paradigm (En/Multi/Ko-Medical)
trails the corresponding General baselines (Table 1,
§4.5.2), all three MediKo models exceed compa-
rable active-parameter baselines across both medi-
cal and general axes, and active-parameter scaling
translates monotonically into medical-domain ac-
curacy across the entire MediKo lineup (Table 4).
These results directly support the hypothesis that
the cascading representational bottleneck can be
substantially mitigated at the architectural level.
General Capability Preservation. Across all
model scales, MediKo consistently improves
KoBEST and HAE-RAE over the corresponding
base models, demonstrating that general capabil-
ity is preserved during medical-domain adaptation.
Notably, MediKo-9B-A4B achieves a new HAE-
RAE SOTA of 62.1, surpassing the strongest base-
line, hari-q3-8b (59.1), even after medical special-
ization. Simultaneous SOTA on the medical (Ko-
rMedMCQA 57.5) and general (HAE-RAE 62.1)
axes quantitatively demonstrates that the conven-
tional domain-up / general-down trade-off of do-
main LLMs is substantially alleviated at the archi-
tectural level.

4.3 Ablation Studies

We perform a stage-wise ablation on the Qwen3-
4B base to isolate each component’s contribution
(Table 5).

Exposure to the Korean medical corpus alone
(#2) substantially improves KorMed but barely af-
fects KMMLU Medical, indicating that data alone
does not recover domain representations. Adding
DVE on top (#3) lifts the medical scores further,
and the general-domain scores rise as well. Com-
bining MoDE (#4) improves the medical scores

again while the general-domain scores continue to
rise, so the two bottleneck-resolving components
do not trade off against each other. Finally, SFT (#5)
lifts every axis together, showing that post-training
on top of MoDE does not damage the general path.
The English medical benchmark declines slightly
during CPT, which is an expected domain trade-off
of Korean medical adaptation and recovers to the
base level after SFT.

4.4 Routing Control

The stage-wise ablation above shows the effect
of MoDE and SFT in sequence, but it does not
separate the two factors. To control for this, we
train a comparison model in which the base, cor-
pus, training budget, and SFT are all held identical
and only the routing mechanism is replaced (Ta-
ble 6). A standard MoE with a learned router (std-
MoE) falls below its base on the general bench-
marks during CPT, so forgetting does occur. By
contrast, MoDE preserves general capability under
the same conditions. On the medical benchmarks
the two routing schemes differ only marginally,
which confirms that the contrast is confined to
the general path. Both stages contribute: SFT im-
proves the general benchmarks under either rout-
ing scheme, but it does not close the gap left by
the routing choice, and on general ability MoDE
without SFT already exceeds std-MoE with SFT.
The preserved general capability therefore reflects
vocabulary-conditioned separation during CPT to-
gether with the subsequent SFT alignment, rather
than SFT alone.

Both models are trained under the same budget,
and their comparable medical scores indicate that
std-MoE is not simply under-trained. This control
also provides direct evidence for the claim in §1
that the alignment bottleneck re-emerges when ex-
panded and existing tokens share a single learning
path.
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Routing SFT KorMed KMMLU-Med EnMed KoBEST HAE-RAE

MoDE (ours) - 54.2 48.5 63.0 60.8 58.0
std-MoE (learned router) - 53.1 47.7 60.7 48.3 45.8

MoDE (ours) ✓ 57.5 53.0 66.9 63.9 62.1
std-MoE (learned router) ✓ 55.8 51.6 64.4 55.7 53.3

Table 6: Routing control. The base model, corpus, training budget, and SFT are identical, and only the FFN routing
mechanism differs. Bold marks the better of the two routing schemes within each pair. All scores are zero-shot Avg.

Figure 3: Parameter-level Weight Drift on MediKo-9B-
A4B. Per-layer relative weight change ∥∆W∥/∥W∥.
Medical experts (5–18%) actively learn while the Gen-
eral FFN (2.7–5.2%) stays in a narrow stable band.

4.5 Analysis
This section complements the quantitative results
with mechanism-level evidence, examining how
VocMoE attains the joint medical/general gains.

4.5.1 Mechanism Analysis
We examine how the forward / gradient isolation
promised in §3.2 manifests in the trained model
along two axes: parameter level (Weight Drift,
Figure 3) and representation level (t-SNE, Fig-
ure 4).
Parameter-level: Weight Drift. As shown in Fig-
ure 3, the General-FFN drift stays in a narrow sta-
ble band across all layers while the medical-experts
drift is active and concentrated at the upper layers,
indicating that domain specialization is sharper in
the later layers. This separation is the joint effect
of gradient isolation (§3.2) and parameter group-
ing (§3.3), demonstrating at the FFN-parameter
level that medical learning signals do not act on
the General FFN directly. The same separation pat-
tern holds at every scale and General-FFN drift
decreases monotonically as the base grows (Ap-
pendix Table A14).
Representation-level: t-SNE Specialization Pat-
tern. We project hidden states of medical-corpus to-
kens at three layers of MediKo-9B-A4B via t-SNE
(Figure 4). The two clusters partially overlap at the

embedding (L=0); at the middle layer (L=18), the
activated medical experts pull medical tokens into
a clearly separated cluster, visualizing MoDE’s se-
mantic specialization; at the final layer (L=36), the
clusters partially re-mix for LM-head vocabulary
alignment, yet domain-specific sub-clusters persist
in the local neighborhood. This “separation in the
middle, integration at the output” pattern shows at
the representation level that the medical gains and
general preservation in §4.2 are two facets of the
same architecture.
Synthesis. Together, these parameter- and
representation-level observations reflect the two
isolation properties of §3.2: gradient isolation
manifests as the narrow drift band of the General
FFN (Figure 3), while forward isolation, combined
with the medical-router specialization, surfaces
as the middle-layer cluster separation in t-SNE
(Figure 4).

4.5.2 Medical Token Modeling Quality
We now test whether our framework addresses the
Korean medical underperformance introduced in
§1, in which existing Medical LLMs underperform
comparable General LLMs in medical-token mod-
eling. Using the same evaluation protocol as Ta-
ble 1, we measure medical and general token per-
plexity (PPL) and Top-1 accuracy for both MediKo
and all baselines. Full numerical results are pro-
vided in Appendix Table A15.
Reduction of the underperformance. The Qwen3
series exhibits normal scaling behavior on medical-
token Top-1 accuracy, whereas existing Medi-
cal LLMs consistently underperform at compara-
ble active-parameter scales. For example, MMed-
Llama3-8B shows severe degradation, while
BioMistral and OpenBioLLM both fall below
Qwen3-8B. Both Korean medical baselines, Kor-
Med-LLaMA3-8B and hari-q3-8b, trail Qwen3-8B
(by 5.2 and 0.2 points respectively) despite explicit
Korean medical-domain training. These results sug-
gest that language- or domain-specialized training
alone is insufficient to surpass the scaling behav-
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(a) Layer = 0 (b) Layer = 18 (c) Layer = 36

Figure 4: Representation-level t-SNE on MediKo-9B-A4B. Hidden-state progression of medical / general tokens at
(a) L=0 (mixed), (b) L=18 (clear separation), and (c) L=36 (partial re-mixing for LM head alignment) — visualizing
MoDE’s “separation in the middle, integration at the output” pattern, where domain specialization emerges in
intermediate layers without disrupting final-layer vocabulary alignment.

ior of strong general LLMs. In contrast, all three
MediKo models outperform comparable active-
parameter baselines. MediKo-9B-A4B achieves
medical Top-1 accuracy of 63.8% with PPL 3.95
using only 4.5B active parameters, surpassing both
Qwen3-8B (62.9% / 5.41) and the strongest Korean-
general baseline, KULLM3 (63.1% / 4.27). Even
the smallest MediKo-1.1B-A0.6B (active 0.59B)
outperforms Qwen3-0.6B, indicating that MoDE
improves the active-parameter efficiency frontier.
General-token preservation. MediKo-9B-A4B
achieves the lowest general-token PPL among all
evaluated models at 3.46, corresponding to a 42%
relative reduction from Qwen3-8B (5.96). Notably,
medical-domain training improves general-token
modeling rather than degrading it. This behavior is
consistent with the KoBEST and HAE-RAE preser-
vation results in §4.2, providing empirical support
for MoDE’s forward isolation at the token level.

5 Conclusion

The paradoxical failure observed in Korean med-
ical LLMs reflects a cascading two-bottleneck,
which we hypothesize generalizes to other non-
English medical settings. VocMoE addresses both:
the DVE-defined vocabulary partition itself serves
as the routing prior of MoDE, shifting catastrophic-
forgetting prevention from training heuristics to
the architectural level. MediKo attains SOTA on
both Korean medical and general benchmarks, sub-
stantially alleviating the conventional domain-up /
general-down trade-off.

Limitations

This study is validated on the Korean medical do-
main as a case study. We expect VocMoE to gen-
eralize to other languages and domains, but this

remains a hypothesis rather than an empirically ver-
ified result. At the architectural level, MoDE’s for-
ward isolation is structurally complete at the FFN
level, but the self-attention module is shared be-
tween general and domain tokens, so hidden states
undergo partial mixing at the attention stage (quan-
tified in Appendix Figure A1); introducing token-
type-based isolation in the attention module as well
is a natural follow-up direction.

On the inference side, although the active pa-
rameters of MediKo-9B-A4B (4.5B) are small rel-
ative to comparable dense models, the total mem-
ory (9.4B) is larger, so the GPU memory footprint
at inference is higher than that of a dense model.
Furthermore, because our main objective is for-
getting prevention, general tokens pass through a
dense FFN, giving an active ratio of about 50% —
higher than the 10–30% typical of sparse MoE; this
is our architectural choice, but it does impose an
inference-compute trade-off. On the corpus side,
despite our self-collected 108 GB Korean medical
corpus, the total CPT token count (≈19.5B) is still
modest compared to English medical LLMs (PMC-
LLaMA 75B / Meditron 48B), which reflects the
inherent constraint of non-English medical corpus
availability rather than something fully resolved by
this work.

Ethics Statement

This model is designed as an assistive tool for med-
ical information processing, summarization, and
education, and does not replace clinical decision-
making such as diagnosis or prescription. Any med-
ical use must take place under the review and re-
sponsibility of qualified medical professionals, and
because incorrect output from a medical-domain
LLM can lead to harm, verification of every output
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is required at use time. In addition, the model is spe-
cialized to Korean clinical environments, practice
guidelines, and medical terminology, so generaliza-
tion to other national or regional medical systems
can introduce cultural and linguistic bias.
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A Tokenization Examples

This appendix illustrates DVE’s selective compres-
sion at the word- and sentence-level.

A.1 Word-level Comparison

Table A1 directly compares the sub-word decompo-
sition of five Korean medical terms and two general
words under the Qwen3 (base) tokenizer and the
DVE-expanded MediKo tokenizer. Clinical terms
such as심근경색 are fragmented down to the char-
acter level by the base tokenizer but collapse to
single tokens under MediKo, whereas general vo-
cabulary (학교,컴퓨터) is tokenized identically by
both, providing micro-scale evidence that DVE’s
selective expansion does not perturb general vocab-
ulary.

A.2 Sentence-level Comparison

Table A2 shows the sub-word sequences of one
medical-dense Korean sentence (“심근경색 진단
되어 입원하였다”) under both tokenizers, in the
Bllossom-style side-by-side format. Only the clini-
cal term심근경색 is compressed to a single token
(4→1), while the general verbs 되어/하였다 and
mid-frequency tokens 진단/입원 retain the same
token count (only the split position shifts), con-
firming at the sentence level that the word-level
selectivity reported in Table A1 also holds in con-
text.

B Training Corpus (Full Composition)

Table A3 provides the sub-source breakdown of the
Korean medical and general corpora summarized
in §3.3.

C Implementation Details

The implementation used for training and the re-
leased model weights are publicly available.1 This
appendix lists the training hyperparameters for the
three paper-reported MediKo models. CPT is per-
formed on the mixed Korean medical+general cor-
pus described in Appendix B (∼19.5B tokens), and
SFT on a self-built Korean medical instruction
dataset of 105,393 samples distilled from Gem-
ini 2.5 Flash. All training runs use H200 GPUs
with DeepSpeed ZeRO-2 and bf16 mixed preci-
sion.

1https://huggingface.co/collections/MediKo/
mediko

D Detailed Benchmark Results (Sub-task)

Tables A6–A10 present per-sub-task results that
were collapsed into the main-results table (Table 4)
by averaging across sub-tasks. All numbers are
zero-shot, reported as mean ± standard error. Bold
= column-wise 1st, underline = 2nd (matching the
convention of Table 4); ↓ (Tables A9 and A10)
marks a statistically meaningful drop vs. the same-
scale General LLM.

E Additional Ablation

This appendix reports ablations on two DVE design
choices — vocabulary scaling (KDVE) and embed-
ding initialization — measured on the MediKo-
1.1B-A0.6B base.
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Term Qwen3 (base) MediKo (DVE) Red. Pattern

심근경색
(myocardial infarction) [심,근,경,색] (4) [심근경색] (1) 75% full compression

갑상선기능저하증
(hypothyroidism) [갑,상,선,기,능,저,하,증] (8) [갑상선기능저하증] (1) 88% full compression

급성신부전
(acute renal failure) [급,성,신,부,전] (5) [급성신부전] (1) 80% full compression

인슐린저항성
(insulin resistance) [인,슐,린,저,항,성] (6) [인슐린저항성] (1) 83% full compression

학교
(school) [학교] (1) [학교] (1) 0% no change (general)

컴퓨터
(computer; loanword) [컴,퓨,터] (3) [컴,퓨,터] (3) 0% no change (DVE selective)

Table A1: Word-level sub-word decomposition before and after DVE expansion, measured on Qwen3-0.6B and
MediKo’s DVE-expanded tokenizer. Bracketed sequences are per-token displays via the GPT-2 byte decoder;
numbers in parentheses are total token counts. DVE compresses clinically dense Korean terms to single tokens
(full compression) while leaving general vocabulary (e.g.,학교,컴퓨터) unchanged, providing direct evidence of
selective expansion.

Sentence:심근경색진단되어입원하였다.
(Diagnosed with myocardial infarction and hospitalized.)

Model Tokenization

Qwen3 (base) [심,근,경,색, ▷진,단,되어, ▷입,원,하였다, .]
(11 tokens)

MediKo (DVE) [심근경색, ▷,진단,되어, ▷,입원,하였다, .]
(8 tokens, 27% reduction)

Table A2: Sentence-level tokenization comparison (Bllossom-style; Choi et al., 2024). The leading ▷ marks a
word-boundary (space) token. DVE compresses심근경색 (4→1) while leaving general words (되어,하였다) and
split positions of mid-frequency tokens (진단, 입원) unchanged, providing micro-evidence consistent with the
candidate-token average fragmentation reduction 4.5 → 1.6 (64%) reported in §3.1.

Domain Sub-source Size (GB) Content

Medical (Ko)

AI-Hub Healthcare 37.8 medical info
AI-Hub Clinical dialogue 32.4 clinical records
AI-Hub Med textbook 5.6 textbook
Healthcare articles 12.5 news article
Medical/health news 1.3 news
Medical papers 10.1 sci. paper
Medical books 7.7 book
Clinical-institution data 0.8 guidelines, reports

General (Ko)
NIKL Modu newspaper 32.1 newspaper
Wikipedia (Ko) 1.3 encyclopedia
Namuwiki 5.8 community wiki

Total 147.4 19.5B tokens

Table A3: Full sub-source breakdown of the training
corpus. The Medical (Ko) corpus (108.2 GB) integrates
AI-Hub public-domain sources and clinical-institution
materials; the General (Ko) data is collected from public
HuggingFace repositories. After preprocessing (dedupli-
cation and length filtering), the mixed corpus contains
approximately 19.5B tokens at the Medical/Ko 76% :
General/Ko 24% token ratio.
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Model Ep. BS Accum LR Warmup Max seq Gen FFN scale

MediKo-1.1B-A0.6B 2 16 8 2.0×10−4 0.05 8192 ×0.1
MediKo-4B-A1B 3 12 8 1.5×10−4 0.05 8192 ×0.1
MediKo-9B-A4B 3 10 10 1.0×10−4 0.05 8192 ×0.1

Table A4: CPT hyperparameters. Optimizer = AdamW (weight decay 0.0); scheduler = linear warmup + cosine
decay. Load-balancing auxiliary loss coefficient α = 10−3, applied only to medical tokens (§3.3). General-FFN
parameters use ηgen = 0.1 η to suppress forgetting; all remaining parameters (medical experts, router, attention,
embedding) use the base learning rate η.

Model Ep. BS Accum LR Warmup Max seq LoRA r/α/drop

MediKo-1.1B-A0.6B 3 12 5 2.0×10−4 0.03 4096 64 / 128 / 0.10
MediKo-4B-A1B 3 12 8 1.0×10−4 0.03 4096 64 / 128 / 0.05
MediKo-9B-A4B 3 8 8 7.5×10−5 0.03 4096 64 / 128 / 0.05

Table A5: SFT hyperparameters. LoRA targets attention modules only (q/k/v/o projections); general FFN and
medical experts remain frozen. Optimizer = AdamW (weight decay 0.1); scheduler = linear warmup + cosine decay.

Group Model Active Params Doctor Nurse Pharm. Dentist Avg

General (Multi)

Qwen3-0.6B 0.6 1.8±0.6 4.9±0.7 3.0±0.6 3.2±0.6 3.2±0.3
Qwen3-1.7B 1.7 24.1±2.0 46.7±1.7 41.5±1.7 30.8±1.6 35.8±0.9
Qwen3-4B 4 29.4±2.2 46.4±1.7 48.1±1.7 29.1±1.6 38.2±0.9
Qwen3-8B 8 36.1±1.8 48.2±1.3 44.8±1.4 39.9±1.1 42.2±0.7
Llama-3.1-8B 8 20.5±1.9 35.3±1.6 29.1±1.5 26.9±1.6 27.9±0.8
Mistral-7B-v0.3 7 25.1±2.1 34.4±1.6 34.8±1.6 24.3±1.5 29.6±0.9

General (Ko)
KULLM3 10.7 39.1±2.3 51.7±1.7 46.7±1.7 33.2±1.6 42.7±0.9
SOLAR-10.7B 10.7 1.4±0.6 12.2±1.1 2.3±0.5 7.8±0.9 5.9±0.4
Polyglot-Ko-12.8B 12.8 7.4±1.2 5.8±0.8 8.6±0.9 5.9±0.8 6.9±0.5

En-Medical OpenBioLLM-8B 8 37.2±2.3 44.2±1.7 43.0±1.7 35.0±1.7 39.9±0.9
BioMistral-7B 7 25.1±2.1 35.4±1.6 33.8±1.6 27.9±1.6 30.5±0.9

Multi-Medical MMed-Llama3-8B 8 39.8±2.4 43.0±1.7 44.2±1.7 33.2±1.6 40.0±0.9

Ko-Medical Kor-Med-LLaMA3-8B 8 34.5±2.3 45.3±1.7 44.6±1.7 31.3±1.6 38.9±0.9
hari-q3-8b 8 23.2±2.0 30.9±1.6 36.4±1.6 21.1±1.4 27.9±0.8

Ours
MediKo-1.1B-A0.6B 0.59 33.0±2.0 36.0±1.5 32.2±1.5 29.3±1.5 32.6±0.8
MediKo-4B-A1B 1.69 41.8±2.1 52.6±1.7 45.0±1.6 39.7±1.6 44.8±0.9
MediKo-9B-A4B 4.5 48.8±2.4 68.5±1.6 66.0±1.6 46.9±1.8 57.5±0.9

Table A6: KorMedMCQA sub-task accuracy (zero-shot, exact match).

Group Model Active Params Biology Health Avg

Gen. (Multi)

Qwen3-0.6B 0.6 20.8±1.3 25.0±4.3 22.9±2.3
Qwen3-1.7B 1.7 29.2±1.4 44.0±5.0 36.6±2.6
Qwen3-4B 4 37.3±1.5 57.0±5.0 47.1±2.6
Qwen3-8B 8 40.8±1.6 64.0±4.8 52.4±2.5
Llama-3.1-8B 8 31.5±1.5 47.0±5.0 39.2±2.6
Mistral-7B-v0.3 7 28.1±1.4 27.0±4.5 27.6±2.3

Gen. (Ko)
KULLM3 10.7 28.2±1.4 50.0±5.0 39.1±2.6
SOLAR-10.7B 10.7 26.7±1.4 36.0±4.8 31.4±2.5
Polyglot-Ko-12.8B 12.8 26.9±1.4 25.0±4.3 25.9±2.3

En-Med OpenBioLLM-8B 8 28.7±1.4 44.0±5.0 36.4±2.6
BioMistral-7B 7 27.2±1.4 33.0±4.7 30.1±2.5

Multi-Med MMed-Llama3-8B 8 28.8±1.4 32.0±4.7 30.4±2.5

Ko-Med Kor-Med-LLaMA3-8B 8 28.2±1.4 42.0±5.0 35.1±2.6
hari-q3-8b 8 40.5±1.6 62.0±4.8 51.2±2.5

Ours
MediKo-1.1B-A0.6B 0.59 33.7±1.4 32.9±4.6 33.3±2.4
MediKo-4B-A1B 1.69 31.4±1.4 57.6±5.0 44.5±2.6
MediKo-9B-A4B 4.5 42.8±1.5 63.1±5.0 53.0±2.6

Table A7: KMMLU Medical sub-task accuracy (zero-shot).
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Group Model Active Params MedQA PubMedQA Avg

Gen. (Multi)

Qwen3-0.6B 0.6 32.4±1.3 57.0±1.6 44.7±1.0
Qwen3-1.7B 1.7 42.0±1.4 72.1±1.4 57.0±1.0
Qwen3-4B 4 57.3±1.4 76.5±1.3 66.9±1.0
Qwen3-8B 8 64.3±1.3 77.1±1.3 70.7±0.9
Llama-3.1-8B 8 61.1±1.4 75.8±1.4 68.5±1.0
Mistral-7B-v0.3 7 49.8±1.4 77.3±1.3 63.5±1.0

Gen. (Ko)
KULLM3 10.7 53.9±1.4 76.9±1.3 65.4±1.0
SOLAR-10.7B 10.7 54.8±1.4 70.9±1.4 62.9±1.0
Polyglot-Ko-12.8B 12.8 27.5±1.2 54.0±1.6 40.8±1.0

En-Med OpenBioLLM-8B 8 58.0±1.4 71.2±1.4 64.6±1.0
BioMistral-7B 7 46.5±1.4 73.9±1.4 60.2±1.0

Multi-Med MMed-Llama3-8B 8 60.4±1.4 76.6±1.3 68.5±1.0

Ko-Med Kor-Med-LLaMA3-8B 8 56.2±1.4 74.4±1.4 65.3±1.0
hari-q3-8b 8 64.8±1.3 76.5±1.3 70.7±0.9

Ours
MediKo-1.1B-A0.6B 0.59 44.4±1.3 57.8±1.5 51.1±1.0
MediKo-4B-A1B 1.69 51.4±1.4 70.2±1.4 60.8±1.0
MediKo-9B-A4B 4.5 59.5±1.4 74.2±1.4 66.9±1.0

Table A8: English Medical sub-task accuracy (zero-shot).

Group Model Active Params BoolQ COPA HSwag SentiNeg WiC Avg

Gen. (Multi)

Qwen3-0.6B 0.6 50.4±1.3 52.9±1.6 36.4±2.1 52.6±2.5 48.8±1.4 48.2±0.8
Qwen3-1.7B 1.7 51.8±1.3 56.9±1.6 36.4±2.1 49.4±2.5 48.8±1.4 48.6±0.8
Qwen3-4B 4 53.7±1.3 63.2±1.5 42.8±2.2 56.9±2.5 48.8±1.4 53.1±0.8
Qwen3-8B 8 61.1±1.3 69.6±1.5 45.2±2.2 89.9±1.5 54.0±1.4 64.0±0.7
Llama-3.1-8B 8 52.8±1.3 68.1±1.5 43.4±2.2 58.7±2.5 48.8±1.4 54.4±0.8
Mistral-7B-v0.3 7 57.7±1.3 59.3±1.6 42.6±2.2 50.4±2.5 48.8±1.4 51.8±0.8

Gen. (Ko)
KULLM3 10.7 88.0±0.9 71.4±1.4 45.6±2.2 84.4±1.8 48.8±1.4 67.7±0.7
SOLAR-10.7B 10.7 50.6±1.3 57.6±1.6 43.0±2.2 67.8±2.4 48.8±1.4 53.5±0.8
Polyglot-Ko-12.8B 12.8 56.9±1.3 78.5±1.3 49.0±2.2 91.2±1.4 48.8±1.4 64.9±0.7

En-Med OpenBioLLM-8B 8 62.9±1.3 63.4±1.5 41.6±2.2 49.1±2.5 48.7±1.4 53.1±0.8
BioMistral-7B 7 50.6±1.3 55.0±1.6 40.6±2.2 46.9±2.5 48.8±1.4 48.4±0.8

Multi-Med MMed-Llama3-8B 8 50.2±1.3 55.6±1.6 33.4±2.1 50.9±2.5 48.8±1.4 47.8±0.8 ↓
Ko-Med Kor-Med-LLaMA3-8B 8 57.8±1.3 67.0±1.5 42.2±2.2 85.6±1.8 48.8±1.4 60.3±0.8

hari-q3-8b 8 64.0±1.3 69.3±1.5 44.8±2.2 90.4±1.5 56.2±1.4 65.0±0.7

Ours
MediKo-1.1B-A0.6B 0.59 52.2±1.3 59.4±1.6 43.4±2.2 62.0±2.5 50.0±1.4 53.4±0.8
MediKo-4B-A1B 1.69 61.2±1.3 67.2±1.5 43.8±2.2 74.3±2.2 49.8±1.4 59.3±0.8
MediKo-9B-A4B 4.5 83.1±1.0 73.7±1.4 49.7±2.2 64.0±2.4 48.8±1.4 63.9±0.8

Table A9: KoBEST sub-task accuracy (zero-shot). ↓ marks a meaningful drop vs. a same-scale General LLM.
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Group Model Active Params GenKnow History Loan Rare StdNom Avg

Gen. (Multi)

Qwen3-0.6B 0.6 19.3±3.0 14.9±2.6 26.0±3.4 27.4±2.2 26.8±3.6 22.9±1.3
Qwen3-1.7B 1.7 29.6±3.5 26.6±3.2 40.8±3.8 53.1±2.5 50.3±4.1 40.1±1.5
Qwen3-4B 4 39.2±3.7 35.6±3.5 58.0±3.8 64.4±2.4 53.6±4.0 50.2±1.6
Qwen3-8B 8 38.6±3.7 46.3±3.6 65.7±3.7 70.6±2.3 67.3±3.8 57.7±1.6
Llama-3.1-8B 8 37.5±3.7 38.3±3.5 46.8±3.9 56.0±2.5 45.1±4.0 44.7±1.6
Mistral-7B-v0.3 7 36.4±3.6 29.3±3.3 40.2±3.8 44.2±2.5 41.2±4.0 38.2±1.6

Gen. (Ko)
KULLM3 10.7 36.4±3.6 50.0±3.7 57.4±3.8 67.7±2.3 58.8±4.0 54.0±1.6
SOLAR-10.7B 10.7 39.8±3.7 50.0±3.7 53.2±3.9 61.0±2.4 56.9±4.0 52.2±1.6
Polyglot-Ko-12.8B 12.8 18.8±3.0 22.9±3.1 23.1±3.2 22.7±2.1 22.2±3.4 21.9±1.3

En-Med OpenBioLLM-8B 8 36.9±3.6 41.5±3.6 61.5±3.8 56.8±2.5 51.6±4.0 49.7±1.6
BioMistral-7B 7 24.4±3.2 24.5±3.1 37.9±3.7 37.0±2.4 34.6±3.9 31.7±1.5

Multi-Med MMed-Llama3-8B 8 38.1±3.7 28.2±3.3 34.9±3.7 45.9±2.5 34.0±3.8 36.2±1.5 ↓
Ko-Med Kor-Med-LLaMA3-8B 8 39.8±3.7 36.2±3.5 49.1±3.9 61.5±2.4 52.3±4.0 47.8±1.6 ↓

hari-q3-8b 8 42.1±3.7 47.3±3.7 67.5±3.6 70.9±2.3 68.0±3.8 59.1±1.5

Ours
MediKo-1.1B-A0.6B 0.59 45.0±3.5 39.8±3.3 38.0±3.4 55.9±2.5 36.8±3.6 43.1±1.5
MediKo-4B-A1B 1.69 42.3±3.0 49.8±3.5 48.6±3.8 59.3±2.5 51.0±4.0 50.2±1.5
MediKo-9B-A4B 4.5 47.2±3.8 61.7±3.5 62.7±3.7 73.3±2.2 65.4±3.9 62.1±1.6

Table A10: HAE-RAE sub-task accuracy (zero-shot). ↓ marks a meaningful drop vs. a same-scale General LLM.
Bold on Avg = SOTA within the corresponding (Ours) row.

KDVE KorMed KMMLU-Med EnMed KoBEST HAE-RAE

2,000 31.2 32.4 50.9 52.4 42.6
5,000 (default) 32.6 33.3 51.1 53.4 43.1
8,000 31.7 33.1 50.2 52.2 42.9

Table A11: Effect of varying the DVE top-K vocabulary expansion size. K = 2,000 under-covers domain vocabulary
and degrades medical benchmarks (KorMed 31.2, KMMLU-Med 32.4); K = 8,000 relaxes the specificity threshold
so general tokens slip in, marginally lowering general benchmarks (KoBEST 52.2, HAE-RAE 42.9). K = 5,000 is
best on all five benchmarks, confirming it as the appropriate specificity threshold.

Init KorMed KMMLU-Med EnMed KoBEST HAE-RAE

Random (N (0, 0.02)) 31.8 32.9 50.5 52.7 42.8
KmBERT-projected 32.2 33.4 50.8 52.1 42.6
Mean (default) 32.6 33.3 51.1 53.4 43.1

Table A12: Embedding-initialization strategy for newly added DVE tokens. Mean (the average of constituent
sub-word embeddings) aligns naturally with the base BPE space and is best on four of five benchmarks. KmBERT-
projected explicitly injects domain semantics but loses base alignment (HAE-RAE 42.6 vs. Mean 43.1); Random
lacks initial alignment, lowering KorMed (31.8 vs. 32.6). Mean balances domain learnability with base preservation.

12812



F Expert Configuration

We select the number of experts Nmed and top-K
so that the expert capacity stays modest relative to
the size of the domain vocabulary, and we verify
this choice at the 9B scale after the fact. General
tokens pass through the dense General FFN, which
is independent of Nmed and K, so only the medi-
cal path is affected and we compare medical-token
PPL. Each configuration is trained on a subset of
the CPT corpus under an identical budget, so we
compare the relative ranking across configurations
rather than absolute PPL. The adopted configura-
tion (Nmed = 16, K = 4) attains the global mini-
mum of the grid, and both axes form a U shape,
confirming that increasing Nmed or K further does
not help.

Nmed top-K=2 top-K=4 top-K=8

8 5.42 5.03 4.96
16 5.04 4.25 4.67
32 4.80 4.98 4.85

Table A13: Expert configuration probe at the 9B scale.
Cells report medical-token PPL (lower is better) under
an identical reduced training budget per configuration.

G Analysis Supplements

This appendix reports supplementary data refer-
enced from §4.5: (i) Weight-Drift mean by scale
(Table A14), (ii) hidden-state cosine-similarity
layer plot across three scales (Figure A1), and (iii)
full numerical Med/Gen token PPL and Top-1 with
all 14 baselines (Table A15).

G.1 Weight Drift Mean Across Scales

Table A14 aggregates the layer-mean weight-drift
magnitudes of §?? across all three MediKo scales,
with medical experts and the General FFN reported
separately. The General-FFN drift decreases mono-
tonically as the base grows (5.7% → 5.4% →
4.1%), whereas the medical-experts drift stays sub-
stantially larger across all scales. This widening
Medical/General gap indicates that the ηgen = 0.1 η
scaling preserves the general path more strongly
at larger base models, even as the medical path
continues to specialize.

G.2 Layer-wise Cosine Similarity

Figure A1 overlays the layer-wise base-vs-MediKo
cosine similarity across the three scales, with nor-
malized layer depth on the x-axis to make trajecto-

ries comparable despite differing layer counts (29
for the 1.1B and 4B bases, 37 for the 9B base).
The three curves share an almost identical shape,
indicating that the forward-isolation property estab-
lished in §3.2 holds invariantly as the base model
is scaled up.

G.3 Medical/General Token PPL & Top-1
Table A15 reports the full numerical values for med-
ical and general token PPL and next-token Top-1
across all 14 baselines plus the three MediKo mod-
els, complementing the figure-based summary in
§4.5.2. MediKo-9B-A4B is column-wise 1st on
all four metrics, and KULLM3 emerges as the
only baseline that surpasses Qwen3-8B itself (Med
Top-1 63.1%, Gen PPL 3.90); all four Medical-
specialized baselines (En/Multi/Ko-Medical) trail
both, reproducing the paradox first reported in Ta-
ble 1 at the full-baseline scale.

H Case Study

This appendix qualitatively illustrates MediKo-9B-
A4B’s outputs across three medical scenarios — (1)
pharmacology, (2) emergency-medicine diagnostic
reasoning, and (3) a mixed medical+general sce-
nario — demonstrating that the quantitative gains
in §4.5 (PPL, Top-1) translate to natural-language
generation that simultaneously preserves Korean
fluency and medical accuracy.
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Model Med exp. Gen FFN Ratio

MediKo-1.1B-A0.6B 22.5% 5.7% 3.9×
MediKo-4B-A1B 8.6% 5.4% 1.6×
MediKo-9B-A4B 11.6% 4.1% 2.8×

Table A14: Layer-mean of ∥∆W∥/∥W∥ between the upcycled and CPT-finished checkpoints. Medical experts use
the base LR η while General FFN uses ηgen = 0.1 η (§3.3). General-FFN drift decreases monotonically with
scale (5.7% → 5.4% → 4.1%), indicating that forgetting prevention strengthens at larger base.
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Figure A1: Layer-wise cosine similarity between base (Qwen3) and MediKo hidden states on a general Korean
corpus (three scales overlaid; shaded band = ±1 std). All scales follow the same trajectory — a gradual decline
from ∼0.97 (Init) to ∼0.86 (Mid), a brief recovery, and a dip just before the lm_head. This scale-invariant pattern
indicates that MoDE’s forgetting prevention is consistent across model sizes.

Group Model Med PPL ↓ Med Top-1 ↑ Gen PPL ↓ Gen Top-1 ↑

General (Multi)

Qwen3-0.6B 10.47 52.2% 11.66 50.4%
Qwen3-1.7B 7.46 58.2% 8.35 56.3%
Qwen3-4B 6.56 60.5% 7.27 58.8%
Qwen3-8B 5.41 62.9% 5.96 61.1%
Llama-3.1-8B 6.16 58.6% 6.96 56.5%
Mistral-7B-v0.3 4.96 61.4% 4.66 67.5%

General (Ko)
KULLM3 4.27 63.1% 3.90 67.0%
SOLAR-10.7B 8.08 54.8% 4.69 63.1%
Polyglot-Ko-12.8B 7.72 51.9% 5.22 60.5%

En-Medical BioMistral-7B 9.09 53.8% 6.41 59.2%
OpenBioLLM-8B 8.68 54.5% 8.28 56.1%

Multi-Medical MMed-Llama3-8B 38.58 37.9% 16.37 47.5%

Ko-Medical Kor-Med-LLaMA3-8B 6.95 57.7% 7.52 57.1%
hari-q3-8b 5.44 62.7% 6.14 60.1%

Ours
MediKo-1.1B-A0.6B 5.13 58.7% 4.28 64.5%
MediKo-4B-A1B 4.55 61.2% 3.93 66.5%
MediKo-9B-A4B 3.95 63.8% 3.46 69.0%

Table A15: Source data for §4.5.2: medical / general token PPL and Top-1 prediction accuracy on a Korean medical
corpus (same protocol as Table 1; DVE token set defines medical tokens). Bold = column-wise 1st, underline =
2nd. MediKo-9B-A4B achieves the lowest PPL and highest Top-1 on all four metrics simultaneously, with
KULLM3 emerging as the strongest baseline (Med Top-1 63.1%, Gen PPL 3.90) — surpassing Qwen3-8B itself.
All four Medical-specialized baselines (En/Multi/Ko-Medical) trail both Qwen3-8B and KULLM3, confirming the
Korean medical adaptation failure.
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Role Content

Q1 항생제를장기간복용하면어떤부작용이발생할수있나요?
(What side effects may occur with long-term antibiotic use?)

A1 항생제장기복용시 (i)항생제내성균발생 (세균이저항력을획득해향후치료효과가떨어질수있음), (ii)장내
유익균교란으로인한위장장애 (설사 ·복통), (iii)알러지반응 (발진 ·가려움 ·호흡곤란,심하면쇼크), (iv)
간 ·신장기능부담, (v)비타민 K · B군결핍, (vi)두통 ·어지럼증등신경계영향이보고됩니다.의사의지시에
따라정확한용량 ·기간을지켜복용하고,이상증상이나타나면즉시의료전문가와상담해야합니다.
(Long-term antibiotic use may cause (i) antibiotic resistance (bacteria acquiring resistance and reducing future
treatment efficacy), (ii) gastrointestinal disturbance from disruption of gut microbiota (diarrhea, abdominal pain), (iii)
allergic reactions (rash, itching, dyspnea, shock in severe cases), (iv) hepatic and renal burden, (v) vitamin K and
B-group deficiency, and (vi) neurological effects such as headache and dizziness. Patients should follow the prescribed
dosage and duration, and consult a medical professional immediately if adverse symptoms appear.)

Q2 50대남성이갑작스러운흉통과호흡곤란을호소합니다.어떤질환을의심해야하나요?
(A 50-year-old man presents with sudden chest pain and dyspnea. Which conditions should be suspected?)

A2 이러한증상은 (i)심근경색 (Myocardial Infarction):심장근육혈류차단으로발생하는급성흉통과호흡곤란, (ii)
협심증:심근허혈로인한흉통이휴식시에도나타나며호흡곤란이동반, (iii)폐색전증 (Pulmonary Embolism):
다리정맥에서떨어진혈전이폐혈관을막아발생하는갑작스러운흉통 ·호흡곤란등생명을위협하는질환을
시사합니다.즉시의료전문가의진료가필요하며,심전도 ·심초음파 ·혈액검사를통해정확한진단과치료가
이루어져야합니다.
(These symptoms suggest life-threatening conditions including (i) myocardial infarction (MI): acute chest pain and
dyspnea due to interrupted coronary blood flow, (ii) angina pectoris: ischemic chest pain that may occur at rest and is
accompanied by dyspnea, and (iii) pulmonary embolism (PE): sudden chest pain and dyspnea caused by a clot from a
leg vein blocking a pulmonary vessel. Immediate medical evaluation is required, with diagnosis and treatment guided
by ECG, echocardiography, and blood tests.)

Q3 우리아이가 38.5도열이나는데어떻게하면좋을까요?학교는보내야하나요?
(My child has a 38.5 ◦C fever. What should I do? Should they go to school?)

A3 38.5 ◦C발열은우선충분한휴식과수분섭취로관리하시고,의사의처방에따라아세트아미노펜 ·이부프로펜
같은해열제를투여할수있습니다.발열이있는동안에는등교를보류하고학교에상황을알리는것이
권장됩니다.다만고열이지속되거나구토 ·설사 ·호흡곤란 ·경련등이동반되면즉시응급실을방문하시기
바랍니다.
(A 38.5 ◦C fever should be managed first with adequate rest and hydration, and antipyretics such as acetaminophen or
ibuprofen may be given per a physician’s instruction. The child should stay home from school during the fever and the
parents are advised to inform the school. If high fever persists or is accompanied by vomiting, diarrhea, dyspnea, or
seizures, immediate emergency care is required.)

Table A16: Zero-shot generation examples from MediKo-9B-A4B across three medical scenarios: (Q1) pharmacol-
ogy, (Q2) emergency-medicine diagnostic reasoning, and (Q3) a mixed medical+general scenario. Each Korean
response is shown verbatim with a small-italic English translation. The outputs demonstrate medical accuracy
(specific differential diagnoses, drug names, and clinical guidance) while preserving Korean fluency and a natural
conversational tone.
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