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Abstract

Expanding Large Language Models (LLMs) to
new languages is a costly endeavor, demand-
ing extensive Continued Pre-Training (CPT)
and data-intensive alignment. While recent
data-free merging techniques attempt to by-
pass alignment by fusing a multilingual CPT-
enhanced model with its instruct counterpart,
they are plagued by a critical trade-off: mitigat-
ing parameter conflicts to preserve original abil-
ities inevitably dilutes new language acquisi-
tion, and vice-versa. To resolve this conflict, we
introduce DeltaMoE , which upcycles a dense
model into a Mixture-of-Experts (MoE) archi-
tecture, allocating different experts to differ-
ent languages. Alignment ability is then trans-
ferred by grafting a MoE-expanded parameter
delta (∆post) to the CPT-enhanced base model,
bypassing the complex alignment phase. Ex-
periments demonstrate DeltaMoE ’s superiority
even against baselines with similar FLOPs or
number of parameters; it improves performance
on expanded languages while effectively pre-
serving original capabilities. We further show
our approach is highly applicable across differ-
ent models and Post-training deltas.

1 Introduction

Large Language Models (LLMs) such as LongCat-
Flash (Team et al., 2025b), Kimi k2 (Team et al.,
2025a), Deepseek (Guo et al., 2025), have demon-
strated remarkable capabilities on a variety of
tasks (Jiang et al., 2024; Wang et al., 2025; Luo
et al., 2025; Wang et al., 2024). However, they
remain primarily optimized for English, given that
the majority of the pre-training corpus is in En-
glish. As a result, the models yield inferior results
in non-English languages.

The standard training pipeline of expanding
LLMs to other languages involves Continued Pre-
Training (CPT) followed by post-training. CPT re-
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Figure 1: A visualization of the performance trade-off
between expanded language capabilities (x-axis) and
original language retention (y-axis). DeltaMoE resolves
this conflict better than baseline methods.

quires massive data replay to prevent catastrophic
forgetting, a costly prerequisite for the effective
alignment step. The subsequent alignment stage is
even more demanding, requiring not only immense
computational power but also vast amounts of qual-
ity instruction data. The scale of this challenge is
exemplified by the alignment of Qwen2.5 (Yang
et al., 2025), where each step incurs substantial
costs: (1) Supervised Fine-Tuning (SFT) on mil-
lions of meticulously curated examples and (2) a
complex two-stage Reinforcement Learning (RL)
process involving Offline RL (Rafailov et al., 2023)
and Online RL (Shao et al., 2024). Together, the
demands for high-quality data and large-scale com-
putation make this pipeline prohibitively costly and
difficult to achieve, highlighting the need for a more
efficient alternative.

Therefore, recently, Yamaguchi et al. (2024);
Cao et al. (2025) have explored gradient-free meth-
ods to transplant alignment capabilities from a
well-aligned LLM to a continually pre-trained ver-
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sion of its base model. The core idea of these
methods is conducting parameter merging from the
post-trained model and the CPT one. However,
prevalent merging techniques exist a critical trade-
off between original language and expanded lan-
guage. Specifically, Yamaguchi et al. (2024) (sim-
ilar to our DENSE-FT-AVG baseline) uses simple
linear merge (Wortsman et al., 2022) to average the
weights of the post-CPT model with the original
instruct model. This operation inherently discounts
the CPT updates, substantially diluting the newly
acquired knowledge in expanded language and thus
limiting gains on expanded languages. On the other
hand, delta merging (Cao et al., 2025) (similar to
our DENSE-FT-DELTA baseline) directly applies
the full parameter changes from CPT, often induc-
ing a drastic shift from the original weights, leading
to catastrophic forgetting of its capabilities in the
original language.

To address this critical trade-off, we introduce
DeltaMoE , a novel approach that integrates the
Mixture-of-Experts (MoE) architecture with a re-
fined delta merging strategy. Specifically, we first
upcycle the dense base model into an MoE struc-
ture. The original parameters are frozen to serve
as a dedicated repository for the original knowl-
edge during the CPT phase. Subsequently, the
delta merging principle is applied to all experts, en-
hancing models with alignment capabilities. This
two-stage strategy, illustrated in Figure 2, enables
DeltaMoE to effectively inherit alignment capabil-
ities on expanded languages from a well-trained
open-source LLM, entirely bypassing the need for
instruction data.

Experiments show that DeltaMoE outperforms
strong baselines, improving average performance
on expanded languages by 1.7 points and preser-
vation capabilities by 1.5 points over other delta-
based methods with comparable FLOPs or parame-
ter counts, demonstrating our DeltaMoE effective-
ness and efficiency.

Our contributions are described as follows:

• We propose a novel approach that effectively
expand new languages for existing LLM and
preserve original languages abilities, while
acquiring alignment ability without a heavy
post-training procedure.

• We conduct extensive experiments demon-
strating that DeltaMoE resolves the key trade-
off, substantially enhancing performance on

expanded languages while mitigating catas-
trophic forgetting.

• We confirm the robustness and generality of
this approach across various base models and
post-training deltas.

2 Method

Our proposed method in Figure 2, DeltaMoE , is
a two-stage process designed to efficiently build
an expanded language-enhanced alignment model.
The first stage, CPT, augments the model with new
languages by selectively training only new experts
and router, which preserves the original model’s
knowledge. The second stage, MoE Model Merg-
ing, then innovatively grafts a parameter delta from
the original dense instruct model onto our sparse
MoE architecture, effectively transferring align-
ment capabilities.

2.1 Continued Pre-training via Sparse
Upcycling

The primary objective of this stage is to augment
a pre-existing dense LLM with knowledge of new
languages, while crucially preserving its original
language capabilities. To achieve this, we employ
a sparse upcycling strategy, transforming the dense
model into an MoE Architecture.
MoE Architecture. Following the upcycling
paradigm (Komatsuzaki et al., 2023), we initialize
N experts by creating deep copies of the original
feed-forward network (FFN) from the dense base
model. As our base models employ SwiGLU-based
FFNs (Grattafiori et al., 2024; Yang et al., 2025),
the forward pass of a single expert Ei is defined as:

E(x)i = (SiLU(xW i
gate ⊙ xW i

up))W
i
down (1)

where x ∈ Rd is the input hidden state,
W i

gate,W
i
up ∈ Rd×f,W i

down ∈ Rf×d are the weight
matrices of the i-th expert. d is model’s hidden
state dimension and f is the intermediate FFN di-
mension.
Top-k Gating. A router, parameterized by Wrouter

determines the contribution of each expert for a
given token. The gating weights P ∈ RN are
computed via a softmax over the router’s logits:

p = softmax (xWrouter ) (2)

We employ top-k routing, which activates only the
k experts with the highest gating weights for each
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Figure 2: The two-stage DeltaMoE pipeline: 1) CPT via sparse upcycling with a frozen expert to preserve
knowledge, followed by 2) MoE model merging to transfer alignment abilities.

token. Let T = TopK(p, k) be the set of indices
for the k selected experts. The weights for these
activated experts are re-normalized:

wi =

{
pi∑

j∈T pj
if i ∈ T

0 otherwise
(3)

The final output of the MoE layer is a weighted
combination of the expert outputs, combined with
a residual connection:

y =

N∑

i=1

wi · Ei(x) + x (4)

Training Objective. To preserve the original lan-
guage knowledge, we freeze all parameters of
the dense base model, including the 0-th expert,
which serves as a knowledge anchor. Consequently,
only the newly added expansion experts and the
router are updated during CPT (Zhou et al., 2025).
The primary objective is the Next Token Predic-
tion (NTP) loss, computed as follows:

LNTP = − 1

|D|
∑

y∈D

1

|y|

|y|∑

t=1

logP (yt | y<t; θtr)

(5)
Here, D is the training corpus and θtr represents
the set of trainable parameters, which includes
only the expansion experts and the router: θtr =

{θ(k)exp}Nk=1 ∪ {θrouter}

To mitigate the issue of unbalanced expert allo-
cation, we use LLB:

LLB = N ·
N∑

i=1

fi · Pi (6)

where N is the total number of experts, fi is the
fraction of tokens in a batch dispatched to expert
i, Pi is the average router probability for expert i
across the batch, and α is a scalar hyperparameter.
The final training objective is the combination of
these two losses:

L = LNTP + αLLB (7)

where α is the hyper-parameter.

2.2 MoE Model Merging
Upon completion of the CPT stage, we obtain an
expanded language-enhanced MoE base model, de-
noted as MMoE-base. While this model possesses
broad multilingual knowledge, it lacks the align-
ment capability. To instill these abilities without
costly post-training, we propose a novel MoE Delta
Merging strategy. This strategy adapts the delta pa-
rameterization concept (Cao et al., 2025) to our
unique MoE architecture. The core idea is to com-
pute a delta weight ∆post = θpost-trained − θbase
representing the knowledge gained during the post-
training of a public, dense LLM. We then graft
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this ∆post onto our MMoE-base to create the final
alignment model, MMoE post-trained

Given that our MMoE-base is a sparse MoE model
while the delta is derived from dense models, a
direct application is not feasible. We therefore
devise a component-wise merging strategy:
Shared Parameters: For parameters that are com-
mon to both the dense and MoE architectures (e.g:
attention and embedding block), we directly apply
the corresponding delta weight. Let θMoE

shared be such
a parameter in our model, and ∆MoE

shared be the corre-
sponding delta from the dense models. The merged
parameter is:

θ̂MoE
shared = θMoE

shared +∆shared
post (8)

Expert Parameters: For the expert FFN layers,
which do not have a direct counterpart in the dense
model’s delta, we leverage the fact that they were
initialized from the dense model’s FFN. We com-
pute a single FFN-specific delta, ∆FFN

post = θFFN
post −

θFFN
base . This ∆FFN

post is then applied uniformly to all
expert parameters within our MoE base model. For
the i-th expert’s weights

{
W i

gate ,W
i
up ,W

i
down

}

the merging process is:

Ŵ i
gate = W i

gate +∆
gate
post

Ŵ i
up = W i

up +∆
up
post

Ŵ i
down = W i

down +∆down
post

(9)

In essence, we treat all experts as having inher-
ited the same foundational structure, and thus they
should all benefit from the same post-training up-
date derived from the dense FFN. This strategy
elegantly resolves the architectural mismatch and
allows the post-training knowledge to be broadcast
across all experts.

3 Experiment

3.1 Setup
Models. Our primary experiments use the
Qwen2.5-7B (Yang et al., 2025) series as the back-
bone, and we validate the generalizability of our
approach on the LLaMA-3.1-8B (Grattafiori et al.,
2024) family in Section 5.2. These models were
selected for their strong English performance and
vocabularies well-suited for multilingual CPT. For
our MoE architecture, we upcycle the dense model
into a 4-expert MoE 1 with a top-2 gating strategy.

1We find that 3 trainable experts provide sufficient ca-
pacity to accommodate multiple expanded languages. See
Appendix H for detailed experiments.

Training Details. All of our experiments are im-
plemented using the LLaMA-Factory (Zheng et al.,
2024) and are optimized for large-scale training
with DeepSpeed ZeRO-3 (Rajbhandari et al., 2020).
During the CPT stage, we train for 1 epoch. We
set learn rate to 5e− 5 with a cosine learning rate
scheduler. The global batch size is set to 512, with
a maximum sequence length of 2048 tokens. All
training is performed using BF16 mixed-precision.
The load-balancing loss coefficient α is set to 0.01.

Datasets. We designate Hungarian (Hu), Ser-
bian (Sr), and Bengali (Bn) as our expanded lan-
guages, selected due to the poor performance of
the LLM on them. We also include high-resource
original languages: English (En), Chinese (Zh),
Spanish (Es), and French (Fr).

For each of the three expanded languages, we
sample 3 billion tokens of unlabeled, monolingual
text data. The data for Hungarian and Bengali are
sourced from the FineWeb2 dataset (Penedo et al.,
2025). As the volume of Serbian data in FineWeb2
is insufficient for our needs, we sourced the Serbian
corpus from CulturaX (Nguyen et al., 2023).

Evaluation Benchmarks. To comprehensively
assess zero-shot multilingual capabilities, we eval-
uate our models on a diverse suite of bench-
marks. This includes tests for mathematical rea-
soning (MGSM; Huang et al., 2025),instruction
following (MIFEVAL; Huang et al., 2025), read-
ing comprehension (BELEBELE; Bandarkar et al.,
2023), general knowledge (M_MMLU; Institute,
2025), and machine translation (FLORES-200;
Costa-Jussà et al., 2022). Detailed descriptions
of each benchmark, including specific prompting
strategies and evaluation metrics, are provided in
Appendix C.

Baselines. To rigorously evaluate the effective-
ness of our proposed method, DeltaMoE , we com-
pare it against baselines grouped into three cate-
gories for fair comparison: 1) methods with identi-
cal training data, 2) a matched computational bud-
get (FLOPs), and 3) a comparable number of pa-
rameters.

• DENSE-FT-AVG: This baseline is a variant of
the method proposed by Yamaguchi et al. (2024).
It performs CPT on the public instruct model,
then restores alignment capabilities by linearly
averaging its weights with the original instruct
model.
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Parameters (B) Zero-shot Performance

Flores-200

Model Active Total MGSM MIFEVAL BELEBELE M_MMLU En-XX XX-En Avg.

Part 1: Performance on Expanded Languages (hu, sr, bn)

Qwen2.5-7B-Instruct 7.6 7.6 60.40 59.27 71.89 47.29 40.31 79.84 59.83

Baselines w/ Same CPT Data
Dense-FT-Avg 7.6 7.6 66.13 58.82 76.85 52.01 76.71 90.01 70.09
Dense-FT-Delta 7.6 7.6 61.87 60.80 80.00 54.48 84.14 89.11 71.73

Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 7.6 7.6 62.13 56.74 76.48 50.66 78.45 90.38 69.14
Dense-FT-Delta-2FLOPs 7.6 7.6 64.67 62.49 81.44 54.64 85.18 89.73 73.03

Baselines w/ Matched Parameters
LLaMA-Pro 10.8 10.8 60.80 58.72 81.70 55.01 82.56 86.82 70.94
MoLA 13.2 21.7 65.47 61.44 80.74 54.52 87.36 89.74 73.21

DeltaMoE 13.3 24.7 67.60 64.95 82.22 56.11 88.13 90.82 74.97

Part 2: Performance on Original Languages (en, zh, es, fr)

Qwen2.5-7B-Instruct 7.6 7.6 72.50 77.27 90.47 69.50 89.94 94.33 82.33

Baselines w/ Same CPT Data
Dense-FT-Avg 7.6 7.6 71.20 72.94 89.56 68.68 90.87 94.95 81.36
Dense-FT-Delta 7.6 7.6 68.20 73.08 88.78 65.69 86.66 92.89 79.22

Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 7.6 7.6 74.30 72.58 88.17 67.96 90.41 94.86 81.38
Dense-FT-Delta-2FLOPs 7.6 7.6 67.00 72.28 87.47 63.67 84.55 92.57 77.92

Baselines w/ Matched Parameters
LLaMA-Pro 10.8 10.8 69.30 68.13 88.06 64.86 89.04 92.68 78.68
MoLA 13.2 21.7 68.80 73.77 88.50 64.43 89.09 93.15 79.62

DeltaMoE 13.3 24.7 73.00 73.47 89.42 67.24 89.88 94.04 81.17

Table 1: Main results on expanded and original languages. “Total” denotes the total number of model parameters,
while “Active” refers to the activated parameters during inference. The best results are in bold, and second-best are
underlined. Detailed performance breakdowns are available in Appendix A.

• DENSE-FT-DELTA: Adopting the approach
from Cao et al. (2025), this baseline starts with
the base dense model, performs CPT, and then
adds the pre-computed alignment delta, ∆instruct,
to instill alignment abilities.

• DENSE-FT-AVG-2FLOPS & DENSE-FT-
DELTA-2FLOPS: To match the training FLOPs
of our top-2 MoE architecture, these dense base-
lines are trained on twice the amount of CPT data
(18B tokens total). Note that our top-2 MoE in-
troduces approximately 1.8× the training and in-
ference FLOPs of a dense model; however, since
the MoE optimizer updates all parameters, we
conservatively use 2× the CPT data to ensure a
fair comparison.

• LLAMA-PRO: This baseline implements the
block expansion strategy from Wu et al. (2024).
We select the strongest configuration in Ap-
pendix E. After CPT, the alignment delta is ap-
plied only to the original dense parameters.

• MOLA: We implement MoLA (Gao et al.,
2024) by adding LoRA (Hu et al., 2022) experts
(rank=1120) to each linear layer. The number of
experts per layer increases with model depth.2

Similar to LLaMA-Pro, the alignment delta is
added only to the original dense model weights.

A detailed summary of the CPT hyperparameters
for all baselines is provided in Appendix B.

3.2 Main Results

As presented in Table 1, DeltaMoE demonstrates
two key advantages. Firstly, it establishes state-of-
the-art (SOTA) performance on the expanded lan-
guages. Secondly, it exhibits strong performance
preservation on the original languages, offering a
far more effective resolution to the inherent trade-
off between expanding and retaining knowledge.

2Specifically, we divide the model’s layers into four blocks
and assign 2, 4, 6, and 8 LoRA experts to the linear layers
within each respective block, from shallow to deep.
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Dense Merging Reveals a Performance Trade-
off. The dense model baselines trained on the
same data reveal a stark performance trade-off.
While Dense-FT-Delta surpasses Dense-FT-Avg by
1.64 points in expanded languages, it incurs a sig-
nificant drop of 2.14 points in original languages.
This trade-off originates from their underlying me-
chanics. The linear interpolation of Dense-FT-Avg
(θmerged = 1

2(θpost-trained + θpost-trained cpt)) dilutes
the newly learned knowledge, limiting its gains.
Conversely, the parameter shift in Dense-FT-Delta
leads to severe catastrophic forgetting of the origi-
nal abilities. In contrast, DeltaMoE circumvents
this issue. DeltaMoE ’s MoE architecture decou-
ples knowledge acquisition from retention, thus
achieving a superior performance balance.

Superiority under Matched FLOPs. Even
when dense baselines are given twice the CPT data
to match DeltaMoE training FLOPs, DeltaMoE
’s superiority holds. Although Dense-FT-Delta-
2FLOPs improves on expanded languages by about
3 points to its 1x-data counterpart, it still lags be-
hind DeltaMoE by a significant margin of 1.94
points. More critically, its catastrophic forgetting
worsens by 1.3 points compared to its 1x-data coun-
terpart. This suggests that simply scaling data is an
ineffective strategy for delta-based methods. Mean-
while, Dense-Avg-2FLOPs performs even worse
on expanded languages than its 1x-data counterpart,
confirming that its averaging mechanism severely
dilutes new knowledge regardless of data volume.

Architectural Advantage of DeltaMoE .
Among parameter-expansion architectures, Delta-
MoE proves superior. The vertical expansion
of LLaMA-Pro is suboptimal, as it lags behind
DeltaMoE by a substantial 4 points on expanded
languages. While the stronger MoLA baseline is
more competitive, it still lags behind our method
by 1.76 points on expanded and 1.55 points on
original languages. We attribute this performance
gap to a fundamental architectural incompatibility:
the dense alignment delta cannot be applied to
MoLA’s LoRA experts. In contrast, our method’s
architectural design enables the direct application
of the alignment delta to our experts.

4 Analysis and Ablation

4.1 Analysis of Expert Routing Allocation

As shown in Figure 3, the router demonstrates
clear language-based specialization. For English,

Figure 3: Average expert selection frequency across
layer for English and Hungarian inputs in the ifeval
benchmark.

it routes nearly all tokens to the frozen 0-th expert,
preserving original-language capabilities. Con-
versely, expert selection for Hungarian shows a
dynamic division of labor: trainable expansion
experts are active in the upper layers, while the
frozen 0-th expert handles middle-layer compu-
tations. This suggests the model performs core
reasoning in English (Wendler et al., 2024).

4.2 Effective and Efficient Knowledge
Retention

The retention scores in our main results (Table 1)
motivate this targeted analysis. While DeltaMoE
slightly trails Dense-FT-Avg in retention, it signifi-
cantly outperforms Dense-FT-Delta. We therefore
investigate two aspects: 1) whether minimal data
replay can close the retention gap with Dense-FT-
Avg, and 2) the architectural efficiency of Delta-
MoE over its dense delta counterpart.

To investigate this, we use a minimal 0.15B to-
ken in-domain replay budget (en, es, zh) and hold
out French as an out-of-domain (OOD) test3. This
data is applied via two distinct strategies: standard
data mixing during CPT for dense models, versus a
targeted post-CPT router-tuning phase(Zhou et al.,
2025) for DeltaMoE (Appendix D).

Figure 4 shows our approach is both highly ef-
fective and efficient. With this minimal replay bud-

3Sourced from DCLM (Li et al., 2024) (English),
FineWeb2 (Penedo et al., 2025) (Spanish), and SkyPile-
150B (Wei et al., 2023) (Chinese), containing 50k documents
per language.
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Figure 4: Knowledge retention performance with data
replay. The dashed line indicates the original model’s
performance.

get, the router-tuning enables DeltaMoE to surpass
Dense-FT-Avg’s retention on in-domain languages.
For the OOD language, it achieves highly compet-
itive performance, closely matching the retention
of Dense-FT-Avg. Simultaneously, our method
demonstrates superior architectural efficiency, out-
performing a Dense-FT-Delta model even when the
latter is scaled with 60× more replay data in both
in-domain and OOD languages. This confirms that
our anchored MoE architecture, combined with
router tuning, provides a more efficient solution for
knowledge preservation.

4.3 Ablation on MoE Merging Strategy

In order to validate the necessity of our delta merg-
ing strategy when combined with the MoE archi-
tecture, we compare against a baseline, MoE-CPT-
Avg, which starts from the dense instruct model for
CPT, but then applies linear averaging by merging
all post-CPT MoE parameters with their counter-
parts in the original instruct model.

The results in Table 2 show that the averaging
strategy fails to resolve the fundamental perfor-
mance trade-off, even within the MoE architecture.
MOE-CPT-AVG nearly perfectly preserves origi-
nal capabilities, but at the cost of severely reduced
gains in expanded languages, lagging more than 4

Merging Strategy Expanded Original Avg.

Qwen2.5-7B-Instruct 59.83 82.33 71.08
MoE-CPT-Avg 70.93 81.35 76.14
DeltaMoE (Ours) 74.97 81.17 78.07

Table 2: Performance comparison of different merging
strategies on the MoE architecture.

points behind DeltaMoE . This confirms that av-
eraging inherently dilutes the crucial knowledge
gained during CPT. In contrast, our delta-based ap-
proach shows a powerful synergy: the frozen expert
anchors original knowledge, while delta merging
transfers alignment abilities without dilution, yield-
ing a far superior overall balance.

5 Generalization Analysis

To demonstrate the generalizability of DeltaMoE
, we conduct experiments across two dimensions:
using an alignment delta (∆instruct) from a differ-
ent source, and applying our framework to the
LLaMA-3.1-8B model family. These results con-
firm that our approach is not limited to a specific
post-training pipeline or base architecture.

5.1 Generalization to a Different Alignment
Delta

To verify that DeltaMoE is not dependent on a
specific post-training pipeline, we expanded our
generalization analysis. We created a new delta
Tulu-Delta by performing SFT on the Qwen2.5-7B
base model using the Tulu3 dataset mixture (Lam-
bert et al., 2024)4. This delta was then applied to
DeltaMoE and a comprehensive set of baselines.

The results, summarized in Table 3, reaffirm
the robustness of our framework. DeltaMoE
once again delivers the best overall performance,
achieving SOTA performance on the expanded lan-
guages and competitive results that rival the top-
performing baseline on the original languages. This
confirms that our framework is agnostic to the
source of the alignment delta and robustly transfers
alignment abilities more effectively than alternative
merging strategies.

5.2 Generalization on different model

To further assess the generality of our approach
across model architecture, we replicate the entire
experimental pipeline on a different, widely-used

4https://huggingface.co/datasets/allenai/
tulu-3-sft-mixture
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Model Expanded Original

Base Model: Qwen2.5-7B, Delta: Tulu3

Qwen-7B + Tulu-Delta 53.85 79.90

Baselines w/ Same CPT Data
Dense-FT-Avg 61.55 76.46
Dense-FT-Delta 62.25 72.60

Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 58.32 75.27
Dense-FT-Delta-2FLOPs 59.64 68.92

Baselines w/ Matched Parameters
LLaMA-Pro 64.97 75.49
MoLA 64.25 74.59

DeltaMoE 65.77 76.14

Table 3: Generalization results using a delta derived
from the Tulu3 SFT dataset. For LLaMA-Pro, we use
its best variant in Appendix F.

Model Expanded Original

Base Model: LLaMA-3.1-8B

LLaMA-3.1-8B-Instruct 64.91 80.37

Baselines w/ Same CPT Data
Dense-FT-Avg 66.39 76.54
Dense-FT-Delta 66.88 74.37

Baselines w/ Matched FLOPs
Dense-FT-Avg-2FLOPs 65.81 75.78
Dense-FT-Delta-2FLOPs 64.38 71.62

Baseline w/ Matched Parameters
LLaMA-Pro 58.92 65.78
MoLA 68.39 74.21

DeltaMoE 69.37 77.32

Table 4: Generalization results on the LLaMA-3.1-8B
model family. For LLaMA-Pro, we use its strongest
variant as determined by Appendix G

family of models LLaMA-3.1-8B (Grattafiori et al.,
2024).

As shown in Table 4, the findings are consistent
with our main results. DeltaMoE delivers the most
favorable trade-off, achieving SOTA performance
on both expanded and original languages. This re-
sult strongly indicates that DeltaMoE serves as a
general and robust strategy for enhancing perfor-
mance on expanded languages while preserving
strong capabilities in the original ones across vari-
ous foundational models.

6 Related Work

6.1 Mixture of Experts

The MoE architecture enables efficient scaling of
LLMs by activating only a subset of parameters
per token (Du et al., 2022; Lepikhin et al., 2021;

Zoph et al., 2022). This paradigm allows for mod-
els with massive parameter counts while main-
taining a fixed inference budget. Recent advance-
ments have further refined MoE through techniques
like shared and fine-grained experts (Guo et al.,
2025), zero-expert (Jin et al., 2025) which dynam-
iclly control the activated parameters, as well as
shortcut-connected mechanisms that optimize in-
ference speed (Cai et al., 2025).

The MoE architecture is increasingly being
adopted for multilingual CPT. Early approaches
in this area, such as MoE-LPR (Zhou et al., 2025),
established a two-stage training process to balance
performance across original and expansion lan-
guages. More recent methods, including DMoE (Li
et al., 2025) and LayerMoE (Zhang et al., 2025),
have refined this concept by dynamically allocat-
ing experts based on linguistic similarity. However,
these methods focus solely on expanding the base
model, while our work presents a more holistic
solution that integrates the subsequent transfer of
alignment abilities.

6.2 Model Merging

Model merging is a data-free method for combining
capabilities from multiple specialized models(Yu
et al., 2024; Yadav et al., 2023). Commonly, it is
used to resolve task conflicts in post-training, such
as merging specialized skills (Yadav et al., 2023;
Ma et al., 2025; Wu et al., 2025; Dang et al., 2024).

In the context of CPT, merging has been repur-
posed to transfer alignment capabilities from a pub-
lic model to a continually trained multilingual base
model. This application, however, introduces a
critical trade-off: simple averaging dilutes newly
learned knowledge (Yamaguchi et al., 2024), while
delta-based methods can cause catastrophic forget-
ting of original abilities (Cao et al., 2025). Our
work introduces a novel merging strategy tailored
for MoE models that directly resolves this trade-
off.

7 Conclusion

This paper presented DeltaMoE , a framework that
resolves trade-off by first creating new experts in an
MoE architecture while freezing all original param-
eters during CPT, then grafting an alignment delta
(∆post). Experiments confirm DeltaMoE signifi-
cantly enhances expansion language performance
while mitigating catastrophic forgetting, proving ef-
fective across diverse models and alignment deltas.
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Ultimately, DeltaMoE offers a practical and scal-
able pathway for extending the multilingual align-
ment of existing LLMs.

Limitations

While DeltaMoE effectively resolves the core
trade-off between acquiring new languages and
retaining original capabilities, this work has two
primary limitations. First, the evaluated languages
and benchmarks, while substantial, are insufficient
to fully represent the global linguistic diversity and
task spectrum. Second, the MoE architecture intro-
duces non-trivial computational overhead in both
training and inference compared to dense models.
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Bettina Messmer, Negar Foroutan, Amir Hossein
Kargaran, Colin Raffel, Martin Jaggi, Leandro
Von Werra, and Thomas Wolf. 2025. Fineweb2:
One pipeline to scale them all–adapting pre-training
data processing to every language. arXiv preprint
arXiv:2506.20920.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-
pher D Manning, Stefano Ermon, and Chelsea Finn.
2023. Direct preference optimization: Your language
model is secretly a reward model. In Thirty-seventh
Conference on Neural Information Processing Sys-
tems.

Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase,
and Yuxiong He. 2020. Zero: Memory optimizations
toward training trillion parameter models. In SC20:

International Conference for High Performance Com-
puting, Networking, Storage and Analysis, pages 1–
16. IEEE.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, YK Li, and 1 others. 2024. Deepseekmath:
Pushing the limits of mathematical reasoning in open
language models. arXiv preprint arXiv:2402.03300.

Kimi Team, Yifan Bai, Yiping Bao, Guanduo Chen,
Jiahao Chen, Ningxin Chen, Ruijue Chen, Yanru
Chen, Yuankun Chen, Yutian Chen, and 1 others.
2025a. Kimi k2: Open agentic intelligence. arXiv
preprint arXiv:2507.20534.

Meituan LongCat Team, Bei Li, Bingye Lei, Bo Wang,
Bolin Rong, Chao Wang, Chao Zhang, Chen Gao,
Chen Zhang, Cheng Sun, and 1 others. 2025b.
Longcat-flash technical report. arXiv preprint
arXiv:2509.01322.

Peng-Yuan Wang, Tian-Shuo Liu, Chenyang Wang, Yi-
Di Wang, Shu Yan, Cheng-Xing Jia, Xu-Hui Liu, Xin-
Wei Chen, Jia-Cheng Xu, Ziniu Li, and 1 others. 2025.
A survey on large language models for mathematical
reasoning. arXiv preprint arXiv:2506.08446.

Yuxia Wang, Minghan Wang, Muhammad Arslan Man-
zoor, Fei Liu, Georgi Georgiev, Rocktim Das, and
Preslav Nakov. 2024. Factuality of large language
models: A survey. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing, pages 19519–19529.

Tianwen Wei, Liang Zhao, Lichang Zhang, Bo Zhu,
Lijie Wang, Haihua Yang, Biye Li, Cheng Cheng,
Weiwei Lü, Rui Hu, Chenxia Li, Liu Yang, Xilin
Luo, Xuejie Wu, Lunan Liu, Wenjun Cheng, Peng
Cheng, Jianhao Zhang, Xiaoyu Zhang, and 11 others.
2023. Skywork: A more open bilingual foundation
model. Preprint, arXiv:2310.19341.

Chris Wendler, Veniamin Veselovsky, Giovanni Monea,
and Robert West. 2024. Do llamas work in english?
on the latent language of multilingual transformers.
In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 15366–15394.

Mitchell Wortsman, Gabriel Ilharco, Samir Ya Gadre,
Rebecca Roelofs, Raphael Gontijo-Lopes, Ari S Mor-
cos, Hongseok Namkoong, Ali Farhadi, Yair Car-
mon, Simon Kornblith, and 1 others. 2022. Model
soups: averaging weights of multiple fine-tuned mod-
els improves accuracy without increasing inference
time. In International conference on machine learn-
ing, pages 23965–23998. PMLR.

Chengyue Wu, Yukang Gan, Yixiao Ge, Zeyu Lu, Jiahao
Wang, Ye Feng, Ying Shan, and Ping Luo. 2024.
Llama pro: Progressive llama with block expansion.
In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 6518–6537.

26897

https://openreview.net/forum?id=qrwe7XHTmYb
https://openreview.net/forum?id=qrwe7XHTmYb
https://openreview.net/forum?id=HPuSIXJaa9
https://openreview.net/forum?id=HPuSIXJaa9
https://arxiv.org/abs/2310.19341
https://arxiv.org/abs/2310.19341


Han Wu, Yuxuan Yao, Shuqi Liu, Zehua Liu, Xiaojin Fu,
Xiongwei Han, Xing Li, Hui-Ling Zhen, Tao Zhong,
and Mingxuan Yuan. 2025. Unlocking efficient long-
to-short llm reasoning with model merging. arXiv
preprint arXiv:2503.20641.

Prateek Yadav, Derek Tam, Leshem Choshen, Colin A
Raffel, and Mohit Bansal. 2023. Ties-merging: Re-
solving interference when merging models. Ad-
vances in Neural Information Processing Systems,
36:7093–7115.

Atsuki Yamaguchi, Terufumi Morishita, Aline Villavi-
cencio, and Nikolaos Aletras. 2024. Elchat: Adapt-
ing chat language models using only target unlabeled
language data. arXiv preprint arXiv:2412.11704.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang
Gao, Chengen Huang, Chenxu Lv, and 1 others.
2025. Qwen3 technical report. arXiv preprint
arXiv:2505.09388.

Le Yu, Bowen Yu, Haiyang Yu, Fei Huang, and Yongbin
Li. 2024. Language models are super mario: Absorb-
ing abilities from homologous models as a free lunch.
In Forty-first International Conference on Machine
Learning.

Xue Zhang, Yunlong Liang, Fandong Meng, Songming
Zhang, Yufeng Chen, Jinan Xu, and Jie Zhou. 2025.
Less, but better: Efficient multilingual expansion
for llms via layer-wise mixture-of-experts. arXiv
preprint arXiv:2505.22582.

Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan
Ye, Zheyan Luo, Zhangchi Feng, and Yongqiang Ma.
2024. Llamafactory: Unified efficient fine-tuning
of 100+ language models. In Proceedings of the
62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 3: System Demonstra-
tions), Bangkok, Thailand. Association for Computa-
tional Linguistics.

Hao Zhou, Zhijun Wang, Shujian Huang, Xin Huang,
Xue Han, Junlan Feng, Chao Deng, Weihua Luo,
and Jiajun Chen. 2025. Moe-lpr: Multilingual exten-
sion of large language models through mixture-of-
experts with language priors routing. In Proceedings
of the AAAI Conference on Artificial Intelligence,
volume 39, pages 26092–26100.

Barret Zoph, Irwan Bello, Sameer Kumar, Nan Du,
Yanping Huang, Jeff Dean, Noam Shazeer, and
William Fedus. 2022. St-moe: Designing stable and
transferable sparse expert models. arXiv preprint
arXiv:2202.08906.

26898

http://arxiv.org/abs/2403.13372
http://arxiv.org/abs/2403.13372


A Detailed Benchmark Results

This section provides a comprehensive breakdown
of the zero-shot performance for all models on each
benchmark. Tables 5 through 10 detail the scores.

B Baselines CPT Hyperparameter
Settings

Table 11 provides a detailed summary of the key
hyperparameters used during the CPT stage for all
baseline models presented in the main experiments.

C Evaluation Benchmark and Prompting
Details

We provide a detailed description of the bench-
marks and prompting strategies used to evaluate
our models in a zero-shot setting.

C.1 Benchmark Descriptions

• MGSM (Huang et al., 2025): A multilingual
benchmark for grade-school mathematical rea-
soning. We adopt the standard zero-shot chain-
of-thought prompting strategy from the original
paper and report accuracy.

• MIFEVAL (Huang et al., 2025): A benchmark
designed to test a model’s adherence to complex
and nuanced instructions in a multilingual con-
text. We use the prompts and evaluation scripts
provided by the authors. Following standard
practice (Grattafiori et al., 2024), we report the
overall score, which averages four sub-metrics
(prompt-strict, prompt-loose, instruction-strict,
and instruction-loose).

• FLORES-200 (Costa-Jussà et al., 2022): A
large-scale benchmark for machine translation.
We use a custom prompt format to ensure the
model directly outputs the translated text. The
template is as follows in Figure 5. Performance
is measured using the reference-free XCOMET-
XXL metric (Guerreiro et al., 2024)5 for both
English-to-target (En-XX) and target-to-English
(XX-En) directions.

• BELEBELE (Bandarkar et al., 2023): A
massively multilingual reading comprehension
dataset. We report zero-shot accuracy using the
chain-of-thought prompt detailed in Section C.2.

• M_MMLU (Institute, 2025): A multilingual
version of the MMLU benchmark for general

5https://huggingface.co/Unbabel/XCOMET-XXL

Figure 5: The prompt for flores evaluation

Figure 6: The prompt for mmlu evaluation

knowledge. We report zero-shot accuracy us-
ing the chain-of-thought prompt detailed in Sec-
tion C.2. To maintain representativeness while
reducing computational overhead, we evaluate
on a stratified subset created by sampling 10% of
questions from each subject category.

C.2 Multiple-Choice Question Prompting and
Extraction

For the multiple-choice question (MCQ) bench-
marks (M_MMLU and BELEBELE), we employ
a unified chain-of-thought prompting strategy to
encourage step-by-step reasoning in zero-shot set-
ting.
Prompt Translation and Structure. We adapted
the English prompt template from the OpenAI
simple-evals repository6. To create multilingual
versions, the English template was translated into
each target language using the DeepSeek-V3 (Guo
et al., 2025) model. An example of the English
MMLU prompt is shown in Figure 6:

The BELEBELE prompt is similar but includes a
passage field for the context. Multilingual versions
follow the same structure, translated accordingly.
Robust Answer Extraction. We implement a two-
stage process for robust answer extraction from

6https://github.com/openai/simple-evals
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Original Languages Expanded Languages

Model en es zh fr Avg. hu bn sr Avg.

MGSM

Qwen2.5-7B-Instruct 80.80 72.00 73.60 63.60 72.50 61.20 58.40 61.60 60.40
Baselines w/ Same CPT Data
Dense-FT-Avg 80.40 64.40 75.60 64.40 71.20 64.40 64.40 69.60 66.13
Dense-FT-Delta 78.00 67.20 73.60 54.00 68.2 56.80 63.20 65.60 61.87
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 80.00 70.80 78.00 68.40 74.30 56.80 62.00 67.60 62.13
Dense-FT-Delta-2FLOPs 76.00 61.60 72.40 58.00 67.00 62.00 61.20 70.80 64.67
Baselines w/ Matched Parameters
LLaMA-Pro 77.20 72.00 69.20 58.80 69.30 60.40 53.60 68.40 60.80
MoLA 79.60 65.20 70.80 59.60 68.80 63.20 66.00 67.20 65.47
DeltaMoE 82.40 71.60 74.40 63.60 73.00 65.20 65.60 72.00 67.60

Table 5: Detailed per-language results on the MGSM benchmark.

Original Languages Expanded Languages

Model en es zh fr Avg. hu bn sr Avg.

MIFEval

Qwen2.5-7B-Instruct 79.40 77.46 74.72 77.50 77.27 58.91 57.78 61.12 59.27
Baselines w/ Same CPT Data
Dense-FT-Avg 77.76 73.22 67.40 73.37 72.94 61.48 51.45 63.53 58.82
Dense-FT-Delta 77.87 69.93 69.89 74.62 73.08 60.98 53.01 68.40 60.80
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 78.25 72.53 67.05 72.49 72.58 55.47 52.80 61.95 56.74
Dense-FT-Delta-2FLOPs 77.13 69.34 69.89 72.77 72.28 64.67 56.87 65.94 62.49
Baselines w/ Matched Parameters
LLaMA-Pro 71.73 66.62 64.64 69.53 68.13 60.20 50.40 65.58 58.72
MoLA 78.01 72.79 71.69 72.59 73.77 62.98 52.85 68.50 61.44
DeltaMoE 76.37 73.84 69.93 73.72 73.47 68.54 55.90 70.40 64.95

Table 6: Detailed per-language results on the MIFEval benchmark.

Original Languages Expanded Languages

Model en es zh fr Avg. hu bn sr Avg.

Belebele

Qwen2.5-7B-Instruct 93.11 89.44 89.00 90.33 90.47 70.33 67.67 77.67 71.89
Baselines w/ Same CPT Data
Dense-FT-Avg 91.78 88.00 88.44 90.00 89.56 76.33 72.44 81.78 76.85
Dense-FT-Delta 91.67 87.22 88.67 87.56 88.78 84.22 71.22 84.56 80.00
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 90.89 86.56 86.78 88.44 88.17 74.11 72.67 82.67 76.48
Dense-FT-Delta-2FLOPs 92.00 84.89 87.11 85.89 87.47 83.89 75.33 85.11 81.44
Baselines w/ Matched Parameters
LLaMA-Pro 91.11 85.78 87.89 87.44 88.06 85.00 74.78 85.33 81.70
MoLA 92.33 85.89 87.78 88.00 88.50 83.89 72.89 85.44 80.74
DeltaMoE 93.44 88.33 88.44 87.44 89.42 85.00 74.78 86.89 82.22

Table 7: Detailed per-language results on the BELEBELE benchmark.

model outputs.
1. Regex Extraction: We first apply a regular ex-

pression to parse the final line of the model’s
generation, searching for the pattern ‘Answer:
[A-D]‘.

2. Model-based Extraction Fallback: For out-
puts where regex parsing fails, we employ

Qwen3-4B-Instruct7 as a fallback extractor.
Prompted as detailed in Figure 7, it identifies the
chosen option (A-D) or reports ambiguity (’Z’),
ensuring robust answer parsing across varied
response formats.

7https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507
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Original Languages Expanded Languages

Model en es zh fr Avg. hu bn sr Avg.

M_MMLU

Qwen2.5-7B-Instruct 73.80 68.37 68.11 67.71 69.50 49.00 39.82 53.03 47.29
Baselines w/ Same CPT Data
Dense-FT-Avg 73.34 68.75 66.44 66.18 68.68 56.00 41.54 58.50 52.01
Dense-FT-Delta 71.61 63.71 64.24 63.20 65.69 58.00 44.07 61.38 54.48
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 73.12 66.12 66.36 66.26 67.96 51.15 42.11 58.73 50.66
Dense-FT-Delta-2FLOPs 68.45 62.28 60.98 62.97 63.67 57.46 45.38 61.08 54.64
Baselines w/ Matched Parameters
LLaMA-Pro 70.41 63.41 62.80 62.82 64.86 59.69 44.56 60.77 55.01
MoLA 70.18 61.16 63.79 62.59 64.43 57.46 44.73 61.38 54.52
DeltaMoE 73.04 64.91 66.29 64.73 67.24 59.31 46.28 62.75 56.11

Table 8: Detailed per-language results on the M_MMLU benchmark.

Original Languages Expanded Languages

Model en-es en-zh en-fr Avg. en-hu en-bn en-sr Avg.

Flores-200 (En-XX)

Qwen2.5-7B-Instruct 91.93 88.89 89.00 89.94 34.04 40.44 46.44 40.31
Baselines w/ Same CPT Data
Dense-FT-Avg 92.68 89.70 90.22 90.87 79.45 70.66 80.02 76.71
Dense-FT-Delta 90.08 83.00 86.89 86.66 88.31 79.00 85.10 84.14
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 92.54 89.04 89.65 90.41 80.14 73.27 81.95 78.45
Dense-FT-Delta-2FLOPs 88.53 80.05 85.05 84.55 89.89 80.72 84.92 85.18
Baselines w/ Matched Parameters
LLaMA-Pro 91.53 87.49 88.12 89.04 91.01 82.11 74.57 82.56
MoLA 91.10 88.20 87.98 89.09 90.56 82.54 88.97 87.36
DeltaMoE 92.22 88.49 88.92 89.88 91.95 84.21 88.24 88.13

Table 9: Detailed per-language results for Flores-200 (En-XX) translation.

Original Languages Expanded Languages

Model es-en zh-en fr-en Avg. hu-en bn-en sr-en Avg.

Flores-200 (XX-En)

Qwen2.5-7B-Instruct 94.09 93.99 94.91 94.33 77.72 77.17 84.62 79.84
Baselines w/ Same CPT Data
Dense-FT-Avg 94.14 95.74 94.98 94.95 91.44 86.25 92.35 90.01
Dense-FT-Delta 92.78 92.06 93.83 92.89 90.92 84.65 91.76 89.11
Baselines w/ Matched FLOPs (2x CPT Data)
Dense-FT-Avg-2FLOPs 94.09 95.47 95.02 94.86 92.02 86.41 92.72 90.38
Dense-FT-Delta-2FLOPs 92.87 91.29 93.54 92.57 91.64 85.82 91.75 89.73
Baselines w/ Matched Parameters
LLaMA-Pro 92.05 93.47 92.53 92.68 88.91 84.13 87.42 86.82
MoLA 92.99 92.63 93.81 93.15 91.83 85.31 92.08 89.74
DeltaMoE 93.64 94.05 94.43 94.04 92.53 87.25 92.69 90.82

Table 10: Detailed per-language results for Flores-200 (XX-En) translation.

D Router-Tuning Replay Strategy

To enhance knowledge retention for DeltaMoE ,
we implemented a brief, router-tuning phase. In
this stage, only the router parameters of the MoE
layers were trained. The training data consisted
of a 0.15B original languages token corpus, with
a 1:2 ratio of original language data to expansion

language data. This process allows the router to
refine its ability to correctly allocate tokens from
original languages to the frozen expert.

E Ablation on LLaMA-Pro Configuration

To ensure a fair and robust comparison against the
LLaMA-Pro baseline, we conducted an ablation
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Model / Group Learning
Rate

Global Batch
Size

CPT Data
(Tokens)

Dense Merging Baselines
Dense-FT (Avg & Delta) 2e-5 512 9B
Dense-FT-2FLOPs (Avg & Delta) 2e-5 512 18B

Parameter-Expansion Baselines
LLaMA-Pro 2e-4 512 9B
MoLA 5e-5 512 9B

Table 11: Hyperparameter settings for the CPT stage. All baselines were trained for 1 epoch using the AdamW
optimizer and a cosine learning rate scheduler.

Figure 7: The prompt used for model-based answer extraction

study to determine the optimal number of newly
added Transformer blocks. We experimented with
adding 7, 14, and 28 blocks to the base 28-layer
Qwen2.5-7B architecture. This resulted in models
with total parameter counts of 9.2B, 10.8B, and
12.4B, respectively.

As shown in Table 12, the model with 14 added
layers (10.8B total parameters) achieved the best
overall performance, maximizing gains on ex-
panded languages while maintaining strong per-
formance on the original languages.

F Ablation on LLaMA-Pro with Tulu
Delta

Similar to our main experiments, we performed an
ablation study to identify the strongest LLaMA-Pro
configuration when using the Tulu alignment delta.
We tested models with 7, 14, and 28 added layers.

The results, presented in Table 13, show a dif-

ferent trend compared to our primary experiments.
In this scenario, adding only 7 layers yielded the
best performance. Consequently, we selected the
LLaMA-Pro (+7 layers) variant as the baseline for
our generalization analysis in Section 5.1.

G Ablation on LLaMA-Pro for
LLaMA-3.1

To identify the strongest LLaMA-Pro baseline for
the LLaMA-3.1-8B model family, we performed an
ablation study on the number of added Transformer
blocks. We tested variants with 8, 16, 32 added
layers.

The results, presented in Table 14, show a differ-
ent trend compared to our primary experiments. In
this scenario, adding only 8 layers yielded the best
performance.
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Model Configuration Total
Params (B)

Avg.
(Expanded)

Avg.
(Original)

Qwen2.5-7B-Instruct 7.6 59.83 82.33
LLaMA-Pro (+7 layers) 9.2 66.81 75.86
LLaMA-Pro (+14 layers) 10.8 70.07 79.72
LLaMA-Pro (+28 layers) 12.4 24.60 8.66

Table 12: Ablation on the number of added layers for the LLaMA-Pro baseline in Qwen2.5-7B.

Model Configuration Total
Params (B)

Avg.
(Expanded)

Avg.
(Original)

Qwen-7B + Tulu-Delta 7.6 53.85 79.90
LLaMA-Pro (+7 layers) 9.2 64.97 75.49
LLaMA-Pro (+14 layers) 10.8 32.71 38.96
LLaMA-Pro (+28 layers) 12.4 22.36 8.34

Table 13: Ablation on the number of added layers for the LLaMA-Pro baseline using the Tulu delta.

Model Configuration Total
Params (B)

Avg.
(Expanded)

Avg.
(Original)

LLaMA-3.1-8B-Instruct 8.0 64.91 80.37
LLaMA-Pro (+8 layers) 9.7 58.92 65.78
LLaMA-Pro (+16 layers) 11.5 44.44 66.49
LLaMA-Pro (+24 layers) 15 14.80 13.87

Table 14: Ablation on the number of added layers for the LLaMA-Pro baseline in LLaMA3.1-8B.

H Expert Capacity and Language
Scalability

In this section, we provides additional experiments
to demonstrate that a small number of newly added
trainable experts are sufficient to handle multiple
expanded languages.

Expert count does not need to scale with lan-
guage count. To investigate whether more ex-
perts are needed as additional languages are intro-
duced, we fix the number of expanded languages
to 5 (Hungarian, Bengali, Serbian, Telugu, and
Icelandic, with 1B tokens each) and compare our
standard 4-expert setup (1 frozen + 3 trainable)
against a 6-expert setup (1 frozen + 5 trainable).
As shown in Table 15, increasing the number of ex-
perts yields negligible performance improvement,
indicating that 3 trainable experts already provide
sufficient capacity for this setting.

Scaling languages does not cause interference.
We further examine whether expanding to more
languages causes interference among learned lan-
guages. Keeping the expert count fixed at 4, we
increased the number of expanded languages from
three (Hungarian, Bengali, Serbian; totaling 9 bil-
lion tokens) to eight (adding Czech, Telugu, Ice-
landic, Greek, and Turkish; 2 billion tokens each,

amounting to 19 billion tokens in total). We evalu-
ate on the original 3 expanded languages (hu, bn,
sr) to directly measure interference, and compare
against the Dense-FT-Delta baseline trained on the
same data.

As shown in Table 16, performance on the orig-
inal 3 languages remains highly stable when scal-
ing to 8 languages, and DeltaMoE continues to
substantially outperform the Dense-FT-Delta base-
line. These results demonstrate that the trainable
experts can accommodate an increasing number of
languages without causing significant interference.
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Model Experts Original Expanded
(5-lang) Avg.

Qwen2.5-7B-Instruct — 82.33 51.81 67.07
DeltaMoE 4 (1+3) 81.26 70.07 75.67
DeltaMoE 6 (1+5) 81.03 70.66 75.84

Table 15: Performance comparison when scaling the number of experts for 5 expanded languages. The marginal
gain from increasing expert count confirms that 3 trainable experts are sufficient.

Model Training Setup Original Expanded
(Initial 3) Avg.

Qwen2.5-7B-Instruct — 82.33 59.83 71.08
DeltaMoE 3 langs (9B) 81.17 74.97 78.07
DeltaMoE 8 langs (19B) 81.04 74.43 77.74
Dense-FT-Delta 8 langs (19B) 78.21 70.00 74.10

Table 16: Performance on the original 3 expanded languages when scaling to 8 languages with a fixed 4-expert
setup. DeltaMoE retains strong performance on previously learned languages and outperforms Dense-FT-Delta
under identical data conditions.

26904


