
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2025

DROP-UPCYCLING: TRAINING SPARSE MIXTURE OF
EXPERTS WITH PARTIAL RE-INITIALIZATION

Anonymous authors
Paper under double-blind review

ABSTRACT

The Mixture of Experts (MoE) architecture reduces the training and inference cost
significantly compared to a dense model of equivalent capacity. Upcycling is an
approach that initializes and trains an MoE model using a pre-trained dense model.
While upcycling leads to initial performance gains, the training progresses slower
than when trained from scratch, leading to suboptimal performance in the long
term. We propose Drop-Upcycling – a method that effectively addresses this prob-
lem. Drop-Upcycling combines two seemingly contradictory approaches: utiliz-
ing the knowledge of pre-trained dense models while statistically re-initializing
some parts of the weights. This approach strategically promotes expert specializa-
tion, significantly enhancing the MoE model’s efficiency in knowledge acquisi-
tion. Extensive large-scale experiments demonstrate that Drop-Upcycling signifi-
cantly outperforms previous MoE construction methods in the long term, specif-
ically when training on hundreds of billions of tokens or more. As a result, our
MoE model with 5.9B active parameters achieves comparable performance to a
13B dense model in the same model family, while requiring approximately 1/4 of
the training FLOPs. All experimental resources, including source code, training
data, model checkpoints and logs, are publicly available to promote reproducibil-
ity and future research on MoE.

1 INTRODUCTION

Large-scale language models (LLMs) have achieved remarkable results across various natural lan-
guage processing applications (Brown et al., 2020; Wei et al., 2022; Ouyang et al., 2022; OpenAI,
2024). This success largely depends on scaling the number of model parameters, the amount of train-
ing data, and computational resources (Kaplan et al., 2020; Hoffmann et al., 2022), which leads to
substantial training and inference costs of LLMs. Building and deploying high-performance models
also require enormous resources, posing a significant barrier for many researchers and practitioners.

The Mixture of Experts (MoE) architecture has emerged as a promising approach to address the
escalating resource demands of LLMs. MoE introduces multiple experts into some parts of the
network, but only a subset is activated at any given time, allowing the model to achieve superior
performance with reduced training and inference costs (Shazeer et al., 2017; Lepikhin et al., 2021;
Fedus et al., 2021). In fact, cutting-edge industry models like Gemini 1.5 (Team et al., 2024) and
GPT-4 (based on unofficial reports) (OpenAI, 2024) have adopted MoE, suggesting its effectiveness.

We refer to transformer-based LLMs without MoE as dense models and those incorporating MoE
as MoE models. Upcycling (Komatsuzaki et al., 2023) is an approach that initializes and trains an
MoE model using a pre-trained dense model, which aims to transfer learned knowledge for better
initial performance. However, naı̈ve Upcycling copies the feedforward network (FFN) layers during
initialization, which makes it difficult to achieve expert specialization. This disadvantage prevents
effective utilization of the MoE models’ full capacity, resulting in slower convergence over long
training periods. Thus, there exists a trade-off between the short-term cost savings from knowledge
transfer and the long-term convergence efficiency through expert specialization.

In this paper, we propose Drop-Upcycling – a method that effectively addresses this trade-off, as
briefly illustrated in Figure 1. Drop-Upcycling works by selectively re-initializing the parameters of
the expert FFNs when expanding a dense model into an MoE model. The method is carefully de-
signed to promote expert specialization while preserving the knowledge of pre-trained dense models.

1
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Router

(1) Original
 dense model

(2) Expert
 replication

(3) Diversity
 re-initialization

(4) Add router

Figure 1: Overview of the Drop-Upcycling method. The key difference from the naı̈ve Upcycling is
Diversity re-initialization, introduced in Section 3.

Specifically, common indices are randomly sampled along the intermediate dimension of the FFNs,
and the weights are dropped either column-wise or row-wise, depending on the weight matrix types.
The dropped parameters are then re-initialized using the statistics of those weights.

Extensive large-scale experiments demonstrate that Drop-Upcycling nearly resolves the trade-off
between the two aforementioned challenges and significantly outperforms previous MoE model
construction methods such as training from scratch and naı̈ve Upcycling. By leveraging pre-trained
dense models, Drop-Upcycling can start training from a better initial state than training from scratch,
reducing training costs. On the other hand, Drop-Upcycling avoids the convergence slowdowns ob-
served with naı̈ve Upcycling. Specifically, in our extensive long-term training experiments, Drop-
Upcycling maintained a learning curve slope similar to that of training from scratch, consistently
staying ahead. This success is attributed to effective expert specialization. As a result, we con-
structed an MoE model with 5.9B active parameters that performs on par with a 13B dense model
from the same model family, while requiring only approximately 1/4 of the training FLOPs.

This research is fully open, transparent, and accessible to all1. With over 200,000 GPU hours of ex-
perimental results, conducted on NVIDIA H100 GPUs, all training data, source code, configuration
files, model checkpoints, and training logs used in this study are publicly available. By providing
this comprehensive resource, we aim to promote further advancements in this line of research.

Our technical contributions are summarized as follows:

• We propose Drop-Upcycling, a novel method for constructing MoE models that effectively
balance knowledge transfer and expert specialization by selectively re-initializing parame-
ters of expert FFNs when expanding a dense model into an MoE model.

• Extensive large-scale experiments demonstrate that Drop-Upcycling consistently outper-
forms previous MoE construction methods in long-term training scenarios.

• All aspects of this research are publicly available. This includes the MoE model with 5.9B
active parameters that performs comparably to a 13B dense model in the same model family
while requiring only about 1/4 of the training FLOPs.

1Due to the anonymity requirements and the design of OpenReview, at the time of ICLR submission, the
following resources are made available to the reviewers. All source codes, including those for MoE initializa-
tion, training, evaluation, and analysis, are provided in the supplementary material. The training data used in
this study is publicly available. The model checkpoints are not shared due to their large file sizes, which makes
anonymous sharing infeasible. Similarly, while we plan to release the training logs via wandb, maintaining
anonymity remains a challenge, so they are not included at this stage.
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2 RELATED WORK

2.1 MIXTURE OF EXPERTS

The concept of Mixture of Experts (MoE) was introduced about three decades ago (Jacobs et al.,
1991; Jordan & Jacobs, 1994). Since then, the idea of using sparsely-gated MoE as a building block
within neural network layers (Eigen et al., 2014; Shazeer et al., 2017) has evolved and has been
incorporated into transformer-based language models (Lepikhin et al., 2021; Fedus et al., 2021). For
a detailed overview of MoE, please refer to recent survey papers (Cai et al., 2024). Sparsely-gated
MoE is currently the most common approach for building large-scale sparsely-activated models. In
this paper, we focus on sparsely-gated MoE (also referred to as sparse MoE or sparsely-activated
MoE), and unless otherwise specified, the term MoE refers to it.

There are various designs of MoE layers and ways to integrate them into transformer-based LLMs.
For example, in addition to the standard token-centric routing, expert-centric routing has also been
proposed (Zhou et al., 2022). To incorporate common knowledge, it has been suggested to introduce
shared experts that are always activated (Dai et al., 2024). To simplify the discussion, we assume the
most standard top-k token choice routing as the MoE layer and a decoder-only transformer-based
LLM that uses MoE layers only in the FFNs as the MoE model. These are common design choices
for recent MoE-based LLMs, such as Mixtral (Jiang et al., 2024), Skywork-MoE (Wei et al., 2024),
Phi-3.5-MoE (Abdin et al., 2024), and Grok-12. Specifically, these models use 8 experts (Mixtral
and Grok-1) or 16 experts (Skywork and Phi-3.5-MoE), with the top-2 experts being activated per
input token. Our experiments also use top-2 routing with 8 experts per layer, as this setup aligns
with those practical configurations. These facts indicate that Drop-Upcycling can be applied to most
variations of MoE models. See Section 3.1 for technical details of MoE.

2.2 MOE MODEL INITIALIZATION

As with conventional neural networks, MoE models can be initialized randomly and trained from
scratch. However, to reduce training costs, leveraging existing pre-trained dense models has become
a standard approach. Below, we introduce a few methods for achieving this.

Upcycling (Komatsuzaki et al., 2023) leverages the weights of a pre-trained dense model for initial-
izing an MoE model by initializing the experts in the MoE layer as replicas of the FFN layers in
the dense model. The main advantage of Upcycling is that it boosts the model’s initial performance.
However, as our experiments show, MoE models initialized with Upcycling tend to have a much
slower convergence, leading to suboptimal performance when trained for longer durations.

Branch-Train-MiX (BTX) (Sukhbaatar et al., 2024) is a technique where a pre-trained dense model
is replicated and fine-tuned on different datasets to produce multiple distinct expert dense models.
These experts are then integrated into an MoE model, followed by additional training to optimize the
routers. While this method appears to ensure expert specialization by design, Jiang et al. (2024) has
highlighted that the diversity achieved in this way differs from that required for MoE layer experts,
leading to suboptimal performance as a result. Our experiments also show that BTX suffers from
suboptimal convergence similar to those observed in Upcycling.

Concurrent with our work, the Qwen2 technical report (Yang et al., 2024) briefly suggests the use
of a methodology possibly related to Drop-Upcycling in training Qwen2-MoE. Due to the report’s
brevity and ambiguity, it is unclear if their method exactly matches ours. Our paper offers a valuable
technical contribution even if the methods are similar. The potential application of Drop-Upcycling
in an advanced, industry-developed model like Qwen2-MoE that underscores the importance of fur-
ther open investigation into this approach. We acknowledge the Qwen2 authors for sharing insights
through their technical report.

3 METHOD

In this section, we explain the Drop-Upcycling method. Drop-Upcycling initializes an MoE model
by utilizing a pre-trained dense model and consists of three steps:

2https://x.ai/blog/grok-os
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1. Expert Replication: The weights of the dense model are copied to create the MoE model.
All layers, except for the FFN layers, are copied directly from the dense model. The FFN
layers are replaced with MoE layers, and the original FFN weights are copied to all experts
within these MoE layers.

2. Diversity Re-initialization: In each MoE layer, a subset of the expert parameters is ran-
domly selected and re-initialized using the original statistical information. This promotes
diversity among the experts while partially retaining the knowledge of the original model,
which facilitates expert specialization during subsequent training.

3. Continued Training: After initialization, the MoE model is trained using the standard
next-token prediction loss. Optionally, a load-balancing loss, commonly applied in MoE
training, can also be incorporated.

In the following, we explain the expert initialization and diversity injection processes.

3.1 SWIGLU AND MOE LAYERS

We provide a brief overview of the MoE architecture. First, we review the feedforward network
(FFN) layer in transformers. The SwiGLU activation function (Shazeer, 2020), now standard in
state-of-the-art LLMs like LLaMA (Touvron et al., 2023) and Mixtral (Jiang et al., 2024), will be
used for explanation here. However, it should be noted that Drop-Upcycling can be applied to
transformers with any activation function. The FFN layer with SwiGLU is defined as follows:

SwiGLU(x) = (Swish(xTWgate)⊙ xTWup)Wdown. (1)

Here, x ∈ Rdh represents the input vector and ⊙ denotes the Hadamard product. Each FFN layer
contains the following three weight matrices: Wgate,Wup ∈ Rdh×df , and Wdown ∈ Rdf×dh . The
dimensions dh and df are referred to as the hidden size and intermediate size, respectively.

When MoE is introduced into a transformer, each FFN layer is replaced with an MoE layer, while the
rest of the architecture remains unchanged. Let us assume we use n experts and Top-k gating. An
MoE layer comprises a router and n expert FFNs. The router has a weight matrix Wrouter ∈ Rdh×n.
The i-th expert FFN is denoted as SwiGLU(i)(x), which, like a standard FFN layer, consists of three
weight matrices. These weights are denoted as W(i)

gate,W
(i)
up , and W

(i)
down. The output y of the MoE

layer is computed as follows:

y =

n∑
i=1

g(x)i · SwiGLU(i)(x), (2)

where g(x)i is the i-th element of the output g(x) ∈ Rn of the Top-k routing function, defined as:

g(x) = Softmax(Top-k(xTWrouter)). (3)

Since k < n is typically the standard setting, only the top-k selected experts out of n are computed.
Therefore, the MoE layer is sparsely activated, meaning that only a subset of the parameters is
involved in the computation. The number of parameters engaged in the computation for a given
input is referred to as the active parameters of the MoE model. This value is widely used as an
approximation for the computational cost as it correlates well with the cost of both training and
inference. For non-MoE models, the total number of parameters corresponds to the active parameters
as all parameters are involved in every computation.

3.2 EXPERT REPLICATION

Following (Komatsuzaki et al., 2023), we first construct a Transformer with MoE layers by repli-
cating the weights from a pre-trained Transformer with standard FFN layers. As explained earlier,
the architecture remains identical except the FFN layers, so we simply copy the weights of all non-
FFN components. Each FFN layer needs to be replaced with an MoE layer, and the new MoE
layers are constructed as follows: The router weights Wrouter are initialized randomly. For the n

4
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Partial re-initialization

Maintained

Figure 2: Initialization of expert weights. Columns (rows) are selected according to S, then all el-
ements of them are re-initialized with the normal distribution. Other columns (rows) are maintained.

experts, the weights from the original FFN are copied, such that W(i)
gate = Wgate,W

(i)
up = Wup, and

W
(i)
down = Wdown.3

3.2.1 DIVERSITY RE-INITIALIZATION

Diversity re-initialization is the key step in Drop-Upcycling. This process is carefully designed to
balance between knowledge retention and expert diversification. In particular, it is crucial to drop
original weights along the intermediate dimension of the FFN layer based on shared indices across
all three weight matrices. Specifically, the following operation is applied to every expert FFN in
every MoE layer.

Step 1: Column-wise Sampling. We sample indices from the set of integers from 1 to interme-
diate size df , namely, Idf

= {1, 2, · · · , df}, to create a set of partial indices S. A hyperparameter
r (0 ≤ r ≤ 1) controls the intensity of re-initialization, determining the proportion r used for
sampling. That is, S ⊆ Idf

and |S| = ⌊rdf⌋.

Step 2: Statistics Calculation. We calculate the mean and standard deviation of the matrices of
the weights corresponding to the selected indices S. Specifically, we compute the mean and variance
(µup, σup), (µgate, σgate), and (µdown, σdown) from the values obtained only from the non-zero columns
of IS in the products IS ⊙Wgate, IS ⊙Wup, and IS ⊙W⊤

down, respectively, where IS is the indicator
matrix whose values are 1 in the i-th column for i ∈ S and 0 otherwise.

Step 3: Partial Re-Initialization. Finally, using the calculated statistics, we perform partial re-
initialization of the three weight matrices Wgate, Wup, and Wdown, obtaining W̃gate, W̃up, and
W̃down. For the selected indices, the weights are dropped and re-initialized randomly, while for the
unselected indices, the original weights are retained.

Let Rtype be a matrix whose values are sampled from the N (µtype, (σtype)
2) distribution, where type

is one of the gate, up, or down, i.e., type = {gate, up, down}. We then obtain W̃type by using the
following equation:

W̃type = IS ⊙Rtype + (1− IS)⊙Wtype, (4)

where we consider that the matrices, W̃type, Rtype, Wtype are all transposed if type = down.

Figure 2 illustrates how we generate a single expert weight matrix from the original dense weights.

3.2.2 THEORETICAL CHARACTERISTICS

Applying the re-initialization strategy explained above, the initial MoE model obtained by Drop-
Upcycling has the following characteristics:

3There has been a recent approach that uses fine-grained experts by reducing the FFN width of MoE mod-
els (Dai et al., 2024). Drop-Upcycling can be applied in this context as well. In this scenario, expert replication
is performed by splitting either the columns (Wgate and Wup) or the rows (Wdown) of the original FFN, and
subsequent steps can be carried out in the same manner.

5
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1. Parameter sharing among experts: since each expert retains the original representations
with a ratio (1−r), any pair of distinct experts share approximately (1−r)2 representations.
This is due to each expert retaining a (1− r) ratio of the original parameters.

2. Characteristics of initial feedforward layers: when activating k experts, the output y of
the MoE layer has the following approximate structure (ignoring nonlinarity):

y ≈
K∑

k=1

gk(x) · [(1− r)2 · yorig + 2r(1− r) · ymix + r2 · ynew] (5)

Here, yorig, ymix, and ynew represent the outputs from the original parameters, from a com-
bination of the original and new parameters, and from the new parameters, respectively.

These features help maintain a balance between preserving the knowledge of the original model,
captured by the (1 − r)2 term, and incorporating diversity, represented by the 2r(1 − r) and r2

terms. By adjusting r, we can control the trade-off between knowledge retention and incorporating
diversity.

4 EXPERIMENTAL SETUP

We conducted experiments to demonstrate the effectiveness of Drop-Upcycling described in Sec-
tion 3. To clarify our model configurations, we introduce a notation where, for example, “8×152M”
denotes an MoE model with eight experts and whose base dense model size is 152M.

We selected the Llama (Touvron et al., 2023) and Mixtral (Jiang et al., 2024) architectures for dense
and MoE models, respectively, for our experiments. We employed 8 experts and the dropless (Gale
et al., 2023) token choice top-2 routing (Shazeer et al., 2017) for the MoE. Detailed descriptions of
the model configurations are provided in Appendix A.3

We evaluated three different methods to build MoE models, namely, training from scratch, naı̈ve
Upcycling (Komatsuzaki et al., 2023), and Branch-Train-MiX (Sukhbaatar et al., 2024) to compare
the performance with Drop-Upcycling. Moreover, we also evaluated dense models to provide a
reference of the typical performance of LLMs in our configuration and illustrate the performance
gains of MoE models. We initialized all parameters of dense models using a Gaussian distribution
N (0, 0.02). The dense models are also used as the seed models of MoE models, except when we
train MoE models from scratch. When training MoE models from scratch, we used the same ini-
tialization method as the dense models, that is, N (0, 0.02). In Branch-Train-Mix, we first obtained
three distinct expert dense models by further training a seed dense model with 100B extra tokens of
either Japanese, English, or code. Then, we used the four dense models (the seed dense model and
three expert dense models) to initialize the parameters of an MoE model. Specifically, we averaged
all parameters in the four dense models except the FFN layers and duplicated the FFN layers in each
model twice to build eight MoE experts. Note that this method involved extra training steps with
300B more tokens compared to the other MoE construction methods.

Unless otherwise stated, dense models were trained on 1T tokens, and MoE models were trained on
500B tokens. Our training data was obtained from publicly available data. We describe the detailed
statistics of the training datasets in Appendix B.1. We followed the typical training configurations
used in Llama to train dense models and Mixtral for MoE models. Details of the hyper-parameters
we used are described in Appendix A.4. Moreover, the implementation and the computational envi-
ronment used in our experiments are described in Appendix A.2.

We conducted a comprehensive evaluation using a wide range of tasks in Japanese and English. We
used 12 evaluation datasets that can be categorized into seven types. The details of the evaluation
datasets and metrics are described in Appendix B.2.

5 RESULTS AND DISCUSSION

In this section, we address the following questions through experiments: Is Drop-Upcycling superior
to existing MoE construction methods, and does Drop-Upcycling resolve the issue of slower con-
vergence? (Section 5.1) Does it perform well even in large-scale settings? (Section 5.2) What is the
impact of the re-initialization ratio r? (Section 5.3) How are the experts specialized? (Section 5.4)
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Figure 3: Comparison of learning curves for different MoE construction methods. The top
and bottom rows illustrate the changes in training loss and downstream task scores during training,
respectively. In both metrics, the proposed method, Drop-Upcycling with r = 0.5, achieves the best
performance, gaining initial knowledge transfer while avoiding convergence slowdown.

5.1 METHOD COMPARISON

First, we compare Drop-Upcycling with existing methods using small (8×152M) to medium
(8×1.5B) scale settings. The left two columns of Figure 3 illustrate the learning curves under these
settings. The top and bottom rows illustrate the changes in training loss and downstream task scores
during training, respectively. Note that in LLM pretraining, training loss serves as a reliable per-
formance indicator since the risk of overfitting is low. The performance on downstream tasks is
represented by the average score across 12 tasks, which is commonly used as the overall evaluation
metric. A detailed breakdown will be discussed later in conjunction with Table 1.

Figure 3 shows that Drop-Upcycling at r = 0.5 (green) is significantly more efficient compared to
other methods. The top row shows the training loss, while the bottom row displays the evaluation
scores using downstream tasks. In both metrics and for both model sizes, Drop-Upcycling becomes
the clear winner after some training. Notably, the slope of the learning curve, which indicates con-
vergence rate, is superior. Furthermore, it can be observed that the slope of the learning curve is
consistent with the case of training from scratch, suggesting that Drop-Upcycling resolves the cru-
cial challenge of balancing knowledge transfer and expert specialization in Upcycling. For further
analysis on expert specialization, see Section 5.4.

Among existing methods, naı̈ve Upcycling exhibited the slowest loss reduction rate and improve-
ment in task scores. Branch-Train-Mix, which starts MoE training after each expert has been trained
for 100B steps on different domains such as Japanese, English, and code, initially shows an advan-
tage over naı̈ve Upcycling due to this favorable initialization. However, its long-term learning pace
is on par with naı̈ve Upcycling, and it is ultimately overtaken by Drop-Upcycling. As an ablation
study, we evaluated setting r = 1.0 in Drop-Upcycling, in addition to the standard r = 0.5. This
configuration involves random initialization of all FFNs while reusing weights for embeddings and
self-attention layers. This configuration might seem inefficient at first glance. Nevertheless, our

7
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Table 1: Comparison of evaluation results between models with different initialization. Train-
ing from scratch (FS), Branch-Train-Mix (BTX), naı̈ve Upcycling (NU), and Drop-Upcycling (DU)
are compared. Bold letters indicate the highest score within each model size.

Model Individual Scores

# Archi-
tecture

MoE
Init

JEM
HQA NIILC JSQ XL-

Sum
WMT
E→J

WMT
J→E

OB
QA TQA HS SQ

v2
XW-
EN BBH Avg

Dense 152M → MoE 8×152M:
1 Dense – 17.6 7.9 10.6 2.4 0.5 0.5 14.6 3.0 28.6 2.0 60.6 11.5 13.3
2 MoE FS 25.2 13.6 19.4 1.8 0.9 0.4 16.6 2.6 31.2 12.9 64.4 10.7 16.6
3 MoE BTX 28.6 17.1 26.6 4.3 2.7 1.1 18.4 5.1 32.5 5.3 65.0 15.9 18.5
4 MoE NU 28.2 16.2 24.4 3.5 3.0 1.1 18.2 5.8 31.9 4.5 63.5 14.7 17.9
5 MoE DU (r=0.5) 32.2 18.0 30.6 3.7 4.7 2.3 16.8 6.1 32.5 6.2 64.2 19.1 19.7
6 MoE DU (r=1.0) 27.2 16.8 32.5 4.1 3.7 1.6 17.0 5.9 32.4 4.9 64.8 15.4 18.9

Dense 1.5B → MoE 8×1.5B:
7 Dense – 49.6 42.5 48.1 11.3 16.8 8.5 22.2 23.8 42.9 16.2 82.5 25.1 32.5
8 MoE FS 48.3 45.4 59.1 7.5 16.6 6.9 26.4 31.5 47.3 15.0 83.7 25.9 34.5
9 MoE BTX 44.3 51.8 69.4 11.9 22.4 12.5 27.8 39.2 49.7 18.7 86.4 28.9 38.6
10 MoE NU 50.4 50.6 61.7 12.4 21.6 10.5 26.8 36.2 47.7 19.0 85.0 27.2 37.4
11 MoE DU (r=0.5) 51.1 52.3 72.5 13.7 22.5 12.5 30.6 41.3 50.4 21.2 86.2 29.1 40.3
12 MoE DU (r=1.0) 52.1 50.9 68.8 12.3 21.9 12.4 25.0 39.1 49.7 20.6 86.0 27.9 38.9

Table 2: Comparison between dense and MoE with large-scale configuration. Drop-Upcycling
(DU) works well even at 8×3.7B scale. The MoE model with Drop-Upcycling outperforms dense
models trained with higher computational costs, demonstrating the effectiveness of Drop-Upcycling.

Model Training Individual Scores

# Architecture MoE
Init

Act Params /
Total Params Tokens FLOPs

(×1022)
JEM
HQA NIILC JSQ XL-

Sum
WMT
E→J

WMT
J→E

OB
QA TQA HS SQ

v2
XW-
EN BBH Avg

1 Dense 3.7B - 3.7B / 3.7B 1,000B 2.70 44.5 47.2 78.8 12.8 21.4 15.4 25.0 33.8 47.3 23.7 85.9 28.7 38.7
2 MoE 8×3.7B FS 5.9B / 18B 500B 1.98 53.5 50.8 69.6 10.4 20.6 13.9 29.0 45.8 51.1 21.1 87.1 28.1 40.1
3 MoE 8×3.7B DU (r=0.5) 5.9B / 18B 500B 1.98 47.5 57.0 82.2 16.3 25.0 19.0 31.2 53.6 54.4 26.3 88.5 32.2 44.4
4 Dense 13B - 13B / 13B 805B 7.43 47.6 58.3 85.2 14.1 24.6 18.3 31.4 48.6 53.1 29.3 88.3 35.2 44.5
5 Dense 3.7B - 3.7B / 3.7B 2,072B 5.58 42.3 53.2 80.4 14.3 22.6 15.9 28.2 42.2 50.6 25.8 87.3 30.9 41.1

large-scale experiments reveal that even such a seemingly naive baseline can outperform naı̈ve Up-
cycling in certain scenarios. For additional analysis on the impact of the r value, refer to Section 5.3.

Table 1 provides a comparison of the final downstream task performance for models trained with
various methods under these 8×152M and 8×1.5B settings. This table also includes the dense
models used for upcycling. Specifically, Model 1 is the dense model used to initialize Models 3-6,
and Model 7 is used to initialize Models 9-12. The proposed method, Drop-Upcycling (DU) with
r = 0.5, consistently demonstrates superior performance across these model scales.

5.2 SCALING TO 8×3.7B

To further evaluate the effectiveness of Drop-Upcycling in larger-scale settings and to build a prac-
tical MoE model, we conducted experiments with an 8×3.7B configuration. Due to computational
resource constraints, experiments under the 8×3.7B setting were limited to training from scratch
and Drop-Upcycling with r = 0.5.

The rightmost column of Figure 3 illustrates the learning curves under this configuration. Similar to
the 8×152M and 8×1.5B settings, Drop-Upcycling significantly outperforms training from scratch.
There is an initial gain in performance due to the improved initialization, and expert diversification
allows the training to progress as efficiently as in the case of training from scratch, ensuring that
Drop-Upcycling never gets overtaken.

Table 2 compares the models’ final downstream task performance. Model 1 is a dense model used
as a base model for the Upcycling. Models 2 and 3 are MoEs built using naı̈ve Upcycling and Drop-
Upcycling, respectively, demonstrating the superiority of Drop-Upcycling. In addition, two different
baseline dense models, Models 4 and 5, are included in the table. Model 4 is a 13B dense model.
Our 8×3.7B MoE architecture has fewer active parameters than this 13B model, leading to lower
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Figure 4: Impact of re-initialization ratio r. The training loss and downstream task score over the
total number of tokens processed during training on 8×152M (left two figures) and 8×1.5B (right two
figures) settings are illustrated. Even with different r values, Drop-Upcycling robustly outperforms
naı̈ve Upcycling, and 0.5 appears to be the most effective ratio.

training and inference costs. Nevertheless, the 8×3.7B MoE model using Drop-Upcycling achieves
better performance upon completion of training. Model 5 is a 3.7B dense model trained with 2.1T
tokens. The fact that our 8×3.7B MoE model with Drop-Upcycling surpasses this dense model
indicates that rather than continuously investing resources into training dense models, it might be a
superior option to convert them to MoE models through Drop-Upcycling and continue training at a
certain point in the process.

5.3 ANALYSIS 1: RE-INITIALIZAITON RATIO

We conducted a study to investigate the impact of the re-initialization ratio r in Drop-Upcycling.
Figure 4 illustrates the effects of different re-initialization rates 0.0 (naı̈ve Upcycling), 0.1, 0.25, 0.5,
0.75, and 1.0 on models of sizes 8×152M and 8×1.5B. Each model was trained up to 150B tokens,
during which we monitored the training loss and the progression of the average downstream task
scores.

The experimental results revealed similar trends across both model sizes. In terms of long-term
performance, a re-initialization ratio of 0.5 yielded the best results for both models, maintaining
superiority in both training loss and average task scores. An interesting pattern emerged regarding
the influence of the re-initialization ratio. With lower re-initialization rates, particularly at 0.0 (naı̈ve
Upcycling), the models struggled to significantly improve beyond the performance of the original
pre-trained models. While re-initialization rates of 0.1 and 0.25 showed promising performance in
the early stages of training, they were eventually surpassed by the 0.5 re-initialization rate as training
progressed. These observations suggest that increasing the re-initialization ratio helps the models
escape local optima, enabling more effective learning. However, excessively high re-initialization
rates of 0.75 or 1.0 appeared to hinder the effective knowledge transfer from the pre-trained dense
models. This phenomenon highlights an important trade-off concerning the MoE initialization:
a balance must be struck between knowledge transfer and effective expert specialization. Drop-
Upcycling with r = 0.5 is a robust and practical method that ideally balances these two aspects.

5.4 ANALYSIS 2: EXPERT SPECIALIZATION

We analyze expert routing patterns to examine how Drop-Upcycling facilitates expert specialization.
We apply the methodologies of Jiang et al. (2024) and Muennighoff et al. (2024) to 8×1.5B MoE
models trained with different methods. This analysis investigates how data from different domains
is routed to various experts. As input data from different domains, we use the validation sets from
Japanese and English Wikipedia; the validation set of the Japanese MC4 dataset (as split by the
authors; see LLM-jp 2024), originally introduced by Raffel et al. (2019); The Stack (Kocetkov
et al., 2023); and the English C4 dataset (Muennighoff et al., 2024).
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Figure 5: Comparison of expert routing patterns across different MoE construction methods.
Drop-Upcycling exhibits more balanced expert utilization than naı̈ve Upcycling. Results shown for
layers 0 (first), 8, 16, and 23 (last); see Appendix C.2 for results on all layers.

In Figure 5, we observe that naı̈ve Upcycling results in a highly imbalanced routing pattern. Specif-
ically, the majority of experts were underutilized or not utilized at all, with only two experts being
always selected across all layers. This indicates that naı̈ve Upcycling leads to strongly biased routing
patterns, failing to leverage the full capacity of the model.

Please note that the load balancing loss was applied to all layers collectively in the experiments with
naı̈ve Upcycling, as in the other training methods, rather than being applied layer-wise.

In contrast, both the model trained from scratch and the one enhanced with Drop-Upcycling (with
r = 0.5) exhibit more balanced expert utilization. The routing patterns reveal that certain experts
specialize in processing specific types of data, such as Japanese text, English text, or code snippets.
This specialization is evident from the distinct expert selection probabilities corresponding to each
dataset.

These findings suggest that Drop-Upcycling promotes effective expert specialization and balanced
routing. By encouraging diverse expert participation, Drop-Upcycling enhances the models’ capac-
ity to generalize across different domains and languages, which likely contributes to the improved
performance observed in our experiments. For a comprehensive view of routing patterns across all
layers, we provide detailed plots of expert routing probabilities for all 24 layers in Appendix C.2.

6 CONCLUSION

In this paper, we introduced Drop-Upcycling, a novel method for efficiently constructing Mixture
of Experts (MoE) models from pre-trained dense models. Selectively re-initializing parameters of
expert feedforward networks, Drop-Upcycling effectively balances knowledge transfer and expert
specialization, addressing the key challenges in MoE model development.

Our extensive large-scale experiments demonstrated that Drop-Upcycling, significantly outperforms
previous MoE construction methods. As a result, we achieved an MoE model with 5.9B active
parameters that matches the performance of a 13B dense model from the same model family while
requiring only about 1/4 of the training FLOPs.

By making all aspects of our research publicly available— including data, code, configurations,
checkpoints, and logs—we aim to promote transparency and facilitate further advancements in ef-
ficient LLM training. We believe that Drop-Upcyclingoffers a practical solution to reduce resource
barriers in deploying high-performance LLMs, contributing to broader accessibility and innovation
in AI research.
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Mitchell, Carlos Muñoz Ferrandis, Sean Hughes, Thomas Wolf, Dzmitry Bahdanau, Leandro Von
Werra, and Harm de Vries. The stack: 3 TB of permissively licensed source code. Transactions
on Machine Learning Research, 2023.

Aran Komatsuzaki, Joan Puigcerver, James Lee-Thorp, Carlos Riquelme Ruiz, Basil Mustafa,
Joshua Ainslie, Yi Tay, Mostafa Dehghani, and Neil Houlsby. Sparse upcycling: Training
mixture-of-experts from dense checkpoints. In International Conference on Learning Repre-
sentations, 2023.

Kentaro Kurihara, Daisuke Kawahara, and Tomohide Shibata. JGLUE: Japanese general language
understanding evaluation. In Proceedings of the Thirteenth Language Resources and Evaluation
Conference, pp. 2957–2966, 2022.

Dmitry Lepikhin, HyoukJoong Lee, Yuanzhong Xu, Dehao Chen, Orhan Firat, Yanping Huang,
Maxim Krikun, Noam Shazeer, and Zhifeng Chen. {GS}hard: Scaling giant models with condi-
tional computation and automatic sharding. In International Conference on Learning Represen-
tations, 2021.

LLM-jp. Llm-jp: A cross-organizational project for the research and development of fully open
japanese llms. arXiv preprint arXiv:2407.03963, 2024.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. In International Confer-
ence on Learning Representations, 2019.

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish Sabharwal. Can a suit of armor conduct elec-
tricity? A new dataset for open book question answering. In Conference on Empirical Methods in
Natural Language Processing, pp. 2381–2391. Association for Computational Linguistics, 2018.

Niklas Muennighoff, Luca Soldaini, Dirk Groeneveld, Kyle Lo, Jacob Morrison, Sewon Min, Weijia
Shi, Pete Walsh, Oyvind Tafjord, and Nathan Lambert et al. Olmoe: Open mixture-of-experts
language models. arXiv preprint arXiv:2409.02060, 2024.

OpenAI. Gpt-4 technical report. arXiv preprint arXiv:2303.08774, 2024.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, and Alex Gray et al. Training language models to
follow instructions with human feedback. In Advances in Neural Information Processing Systems,
2022.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. arXiv e-prints, 2019.

Pranav Rajpurkar, Robin Jia, and Percy Liang. Know what you don’t know: Unanswerable questions
for SQuAD. In Proceedings of the 56th Annual Meeting of the Association for Computational
Linguistics (ACL), pp. 784–789, 2018.

Satoshi Sekine. Development of a question answering system focused on an encyclopedia [百科
事典を対象とした質問応答システムの開発] (in Japanese). In the 9th Annual Meeting of
Japanese Association for Natural Language Processing (NLP2003), pp. 637–640, 2003.

Noam Shazeer. Glu variants improve transformer. arXiv preprint arXiv:2002.05202, 2020.

Noam Shazeer, *Azalia Mirhoseini, *Krzysztof Maziarz, Andy Davis, Quoc Le, Geoffrey Hinton,
and Jeff Dean. Outrageously large neural networks: The sparsely-gated mixture-of-experts layer.
In International Conference on Learning Representations, 2017.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

Luca Soldaini, Rodney Kinney, Akshita Bhagia, Dustin Schwenk, David Atkinson, Russell Authur,
Ben Bogin, Khyathi Chandu, Jennifer Dumas, Yanai Elazar, and et al. Dolma: an open corpus of
three trillion tokens for language model pretraining research. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 15725–
15788. Association for Computational Linguistics, 2024.

Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu. Roformer: En-
hanced transformer with rotary position embedding. Neurocomputing, 568:127063, 2024.

Sainbayar Sukhbaatar, Olga Golovneva, Vasu Sharma, Hu Xu, Xi Victoria Lin, Baptiste Roziere,
Jacob Kahn, Shang-Wen Li, Wen tau Yih, Jason E Weston, and Xian Li. Branch-train-mix:
Mixing expert LLMs into a mixture-of-experts LLM. In Conference on Language Modeling,
2024.

Mirac Suzgun, Nathan Scales, Nathanael Schärli, Sebastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc Le, Ed Chi, Denny Zhou, and Jason Wei. Challenging BIG-bench
tasks and whether chain-of-thought can solve them. In Findings of the Association for Compu-
tational Linguistics: ACL 2023, pp. 13003–13051. Association for Computational Linguistics,
2023.

Gemini Team, Petko Georgiev, Ving Ian Lei, Ryan Burnell, Libin Bai, Anmol Gulati, Garrett Tanzer,
Damien Vincent, Zhufeng Pan, and Shibo Wang et al. Gemini 1.5: Unlocking multimodal under-
standing across millions of tokens of context. arXiv preprint arXiv:2403.05530, 2024.

Alexey Tikhonov and Max Ryabinin. It’s all in the heads: Using attention heads as a baseline for
cross-lingual transfer in commonsense reasoning. In Findings of the Association for Computa-
tional Linguistics (ACL), pp. 3534–3546, 2021.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, and Faisal Azhar et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Ł ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Advances in Neural Infor-
mation Processing Systems, 2017.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, brian ichter, Fei Xia, Ed H. Chi,
Quoc V Le, and Denny Zhou. Chain of thought prompting elicits reasoning in large language
models. In Advances in Neural Information Processing Systems, 2022.

Tianwen Wei, Bo Zhu, Liang Zhao, Cheng Cheng, Biye Li, Weiwei Lü, Peng Cheng, Jianhao Zhang,
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Table 3: Detailed FLOPs Breakdown for Transformer Models (Single Forward Pass)
Component FLOPs

Embeddings 2svdh

Attention (per layer)
Key and value projections 4sdhdknq

Query projections 2sdhdknh

Key @ Query logits 2s2dknh

Attention matrix computation 2s2dknh

Softmax @ value reductions 2sdknhdh

FFN (SwiGLU, per layer)
Dense model 4sdhdf + 2sdfdh
MoE model ne(4sdhdf + 2sdfdh)

Final Logits 2sdhv

Total (Dense) embeddings +nl(attention+ ffnDense)+ logits
Total (MoE) embeddings +nl(attention+ ffnMoE)+ logits

A EXPERIMENTAL SETUP DETAILS

A.1 FLOPS CALCULATION

Table 3 presents the method for calculating FLOPs (floating point operations) for the forward path in
transformer components. The variables used are as follows: s (sequence length), dh (hidden size), v
(vocabulary size), df (FFN intermediate size), nl (number of layers), nh (number of attention heads),
nq (number of query groups), dk (attention head dimension), and ne (number of selected experts per
token). For matrix multiplication Am×k ×Xk×n, 2m × k × n FLOPs are required in the forward
pass (the factor of 2 accounts for both multiplication and addition operations). The table displays the
main FLOPs contributors for the forward path only. It should be noted that the computational costs
for sigmoid and Hadamard product within SwiGLU calculations, MoE gate computations, and RMS
Norm calculations are considered negligible and thus omitted from this analysis. While not shown
in the table, backward propagation typically requires approximately twice the FLOPs of forward
propagation.

A.2 IMPLEMENTATION AND TRAINING ENVIRONMENT

For our experiments with MoE models and the training of the 1.5B Dense model, we utilized the
TSUBAME 4.0 supercomputer at the Global Scientific Information and Computing Center, Institute
of Science Tokyo. This environment is equipped with NVIDIA H100 SXM5 94GB GPUs, with
each node housing 4 H100 GPUs. Inter-node communication is facilitated by InfiniBand NDR200
interconnects. The training of our largest model, the 8×3.7B model, employed 16 nodes (totaling 64
GPUs). For the training of the 152M and 3.7B Dense models, we leveraged the high-performance
computing nodes (PHY) provided by Sakura Internet. This setup features NVIDIA H100 80GB
GPUs, with each node containing 8 H100 GPUs. The network interface is equipped with four
400Gb RoCEv2-compatible NICs and two 25Gb NICs. The training of our largest Dense model
(3.7B parameters) utilized a maximum of 32 nodes (totaling 256 GPUs).

For implementation, we used Megatron-LM4 for Dense model training, and moe-recipes5 for MoE
model training. Additionally, Flash Attention 2 (Dao, 2024) was utilized to improve computational
efficiency and reduce memory usage. All the training processes were conducted using bfloat16
precision.
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Table 4: Model Configuration Details
Model Act Params / Layers dmodel dff Attn KV Vocab

Total Params Heads Heads Size

Dense 152M 152M / 152M 12 512 2,048 8 8 99,574
Dense 1.5B 1.5B / 1.5B 24 2,048 7,168 16 8 48,586
Dense 3.7B 3.7B / 3.7B 28 3,072 8,192 24 24 99,574
Dense 13B 13B / 13B 40 5,120 13,824 40 40 99,574

MoE 8×152M 190M / 417M 12 512 2,048 8 8 99,574
MoE 8×1.5B 2.6B / 8.9B 24 2,048 7,168 16 8 48,586
MoE 8×3.7B 5.9B / 18B 28 3,072 8,192 24 24 99,574

A.3 MODEL CONFIGURATIONS

As described in Section 4, we selected the Llama (Touvron et al., 2023) and Mixtral (Jiang et al.,
2024) architectures for dense and MoE models, respectively, for our experiments. Both architec-
tures are based on the Transformer (Vaswani et al., 2017) with several improvements, including
RMSNorm (Zhang & Sennrich, 2019), SwiGLU (Shazeer, 2020), and rotary position embeddings
(RoPE) (Su et al., 2024). The notable difference in Mixtral (MoE) from Llama (dense) is that all
feedforward network (FFN) layers are replaced by sparsely gated MoE layers.

Table 4 shows the details of the model configuration.

A.4 MODEL TRAINING CONFIGURATIONS

As shared settings for training all models, we adopted the following hyperparameters: AdamW
optimizer (Loshchilov & Hutter, 2019) with β1 = 0.9, β2 = 0.95, and ϵ = 10−8, sequence length
of 4096, weight decay of 0.1, and gradient clipping of 1.0. The global batch size was set to 1024 for
the 1.5B, 3.7B and 13B models, and 512 for the 152M model.

We used cosine decay for learning rate scheduling. For Dense models, the maximum learning rate
was set to 3× 10−4, and it decayed to 3× 10−5 over 1,000B tokens for the 1.5B model, and 2,072B
tokens for the 152M, 3.7B and 13B models, with the learning rate remaining constant during the
final 2000 steps. For MoE models, the maximum learning rate was set to 2×10−4, and it decayed to
2×10−5 over 500B tokens. Additionally, to prevent instability in training due to unbalanced routing
on the MoE models, a load balancing loss was introduced, with the coefficient unified at 0.02 across
all MoE models.

B DATASETS AND EVALUATION METHODS

B.1 TRAINING DATASET DETAILS

We used the LLM-jp corpus v36, an open corpus curated by the LLM-jp working group, for training
English and Japanese bilingual language models. The corpus consists of 1.7T tokens in English,
Japanese, and source code with a small amount of Chinese and Korean tokens. Following the LLM-
jp’s scheme, some Japanese portion of the corpus is upsampled by 2 to obtain 2.1T training tokens
in total.

Table 5 describes the statistics of the corpus subsets that were used for training data of the Dense
and MoE models in our experiments.

Table 6 details the dataset distribution percentages used for training the different model sizes. The
152M, 3.7B, and 13B models share the same data proportions, while the 1.5B model has slightly
different percentages.

4https://github.com/NVIDIA/Megatron-LM
5https://github.com/rioyokotalab/moe-recipes, Version 1.0.0
6https://gitlab.llm-jp.nii.ac.jp/datasets/llm-jp-corpus-v3
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Table 5: Statistics of the training dataset.
Language Subset #tokens [×109]

English Dolma 1.6 (sampled) (Soldaini et al., 2024) 945.
Wikipedia 4.7

Japanese Common Crawl (LLM-jp, 2024) 381.
Kaken 0.9
NDL WARP HTML 1.3
NDL WARP PDF 207.
Wikipedia 1.3

Chinese Wikipedia 0.8

Korean Wikipedia 0.9

Code The Stack (Kocetkov et al., 2023) 114.

Table 6: Dataset Distribution Overview (Percentages)
Language Subset 152M/3.7B/13B 1.5B

English Dolma 45.6% 39.7%
Wikipedia 0.2% 0.5%

Japanese

Common Crawl 36.8% 49.5%
Kaken 0.1% 0.1%
NDL WARP HTML 0.1% -
NDL WARP PDF 11.5% -
Wikipedia 0.1% 0.2%

Chinese Wikipedia 0.1% -

Korean Wikipedia 0.1% -

Code The Stack 5.5% 10.1%

Total Tokens (B) 2,072 1,000

B.2 EVALUATION DATASETS AND METHODOLOGIES

Table 7 provides detailed information about the evaluations used in our experiments. The evaluation
tasks comprise both Japanese and English language assessments. We utilized publicly available
evaluation code for our assessments7.

The evaluation tasks are categorized into seven types, such as free-form QA (NIILC (Sekine, 2003),
JEMHQA (Ishii et al., 2023)), machine reading comprehension (JSQuAD (Kurihara et al., 2022),
SQuAD2 (Rajpurkar et al., 2018)), abstractive summarization (XL-Sum (Hasan et al., 2021)),
machine translation (WMT’20 En-Ja, Ja-En (Barrault et al., 2020)), question answering (Open-
BookQA (Mihaylov et al., 2018), TriviaQA (Joshi et al., 2017)), common sense reasoning (Hel-
laSwag (Zellers et al., 2019), XWinograd (Tikhonov & Ryabinin, 2021)), and logical reasoning
(Big Bench Hard (BBH) (Suzgun et al., 2023)). We used 4-shot prompting for the Free-form QA,
machine reading comprehension, machine translation, question answering, and commonsense rea-
soning tasks, 1-shot prompting for the abstractive summarization task, and 3-shot prompting for the
logical reasoning task. Moreover, we also applied the Chain-of-Thought method (Wei et al., 2022)
for the logical reasoning task.

7https://github.com/swallow-llm/swallow-evaluation
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Table 7: Evaluation Benchmark Details
JEM
HQA NIILC JSQ XL-

Sum
WMT
E→J

WMT
J→E

OB
QA TQA HS SQ

v2
XW-
EN BBH

Dataset JEMHQA NIILC JSQuAD XL-Sum WMT20 OBQA TriviaQA HellaSwag SQuAD2 XWINO BBH
Task QA MRC Summ. Trans. QA MRC MRC Commonsense Logical

Reasoning Reasoning
Language JA JA JA JA EN→JA JA→EN EN EN EN EN EN EN
# Instances 120 198 4,442 766 1,000 993 500 17,944 10,042 11,873 2,325 6,511
Few-shot # 4 4 4 1 4 4 4 4 4 4 4 3
Evaluation Metric Character F1 ROUGE-2 BLEU Accuracy CoT Acc.

Table 8: Gate Initialization Pattern Comparison for 8×1.5B Models (Training Tokens: 50B)
Initialization Results

# Distribution JEM NII JSQ XL J→E E→J OBQ TrQ SQ2 HeS XWI BBH AVG

1 N (0, 0.02) 46.1 37.9 63.6 9.2 15.4 8.1 22.4 19.4 41.7 15.6 80.0 25.9 32.1
2 N (0, 0.2887)∗ 50.6 38.6 54.6 9.3 15.5 8.3 20.6 18.4 41.1 14.3 79.8 24.7 31.3
3 U(−0.0346, 0.0346)† 49.2 38.9 61.0 9.7 16.0 7.9 23.6 18.9 41.7 15.5 80.9 23.9 32.3
4 U(−0.5, 0.5) 44.6 36.3 56.3 8.6 15.5 8.1 20.6 17.7 41.0 14.6 80.0 26.0 30.8
5 U(0, 1) 51.5 36.8 55.6 9.0 15.7 7.9 21.6 18.3 41.0 15.3 80.1 25.1 31.5

N (µ, σ): Normal distribution with mean µ and standard deviation σ.
U(a, b): Uniform distribution over the interval [a, b].
∗ σ =

√
1/12 ≈ 0.2887, matches the standard deviation of U(0, 1).

† Corrected from U(−0.0346, 0.0346) to match the standard deviation of 0.02. Bold values indicate the best
score for each task.

C ADDITIONAL EXPERIMENTAL RESULTS AND ANALYSIS

C.1 COMPARISON OF GATE INITIALIZATION METHODS

We conducted a detailed investigation into the effects of gate initialization on the performance of
naı̈ve Upcycling. An ablation study was performed on five different initialization patterns. Table 8
presents the comparison results of different gate initialization patterns in an 8×1.5B model. Perfor-
mance was evaluated after training on 50B tokens.

While preliminary experiments had indicated better results with a standard deviation of 0.28, our
main experiments revealed that a uniform distribution with a standard deviation of 0.02 achieved the
highest average performance across tasks. Based on these results, we adopted a uniform distribution
(U(−0.0346, 0.0346), as the standard method for gate initialization in this study. It is worth noting
that gate initialization may not be a critical factor in model performance, and any initialization that
avoids extreme values such as excessively high standard deviations is likely to be sufficient.

C.2 DETAILED ANALYSIS OF EXPERT ROUTING PATTERNS ACROSS LAYERS

For a comprehensive view of routing patterns across all layers, we provide detailed plots of expert
routing probabilities for all 24 layers, grouped into early, middle, and late stages. These plots offer
a more granular analysis of how routing behaviors evolve throughout the model depth.

Figures 6 to 8 show the expert routing patterns for all 24 layers of the 8×1.5B MoE models trained
with different methods, grouped into early (layers 0-7), middle (layers 8-15), and late (layers 16-23)
stages. This comprehensive view allows for a detailed analysis of how routing patterns evolve across
the entire model depth.

These figures illustrate how the routing patterns evolve throughout the model layers, providing in-
sights into the specialization and behavior of experts at different depths. Notably, the naı̈ve Up-
cycling method does not exhibit clear evidence of bias towards specific domains in any layer. In
contrast, our proposed method demonstrates domain specialization in multiple layers across the net-
work—from those closest to the input to those near the output—while reusing the parameters of the
dense model. This indicates that our approach effectively facilitates expert specialization in several
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Figure 6: Expert routing patterns for early layers (0-7) of the 8×1.5B MoE models.

layers without the need to train from scratch, leveraging the pre-trained dense model to achieve
efficient domain-specific routing throughout significant portions of the network depth.
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Figure 7: Expert routing patterns for middle layers (8-15) of the 8×1.5B MoE models.
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Figure 8: Expert routing patterns for late layers (16-23) of the 8×1.5B MoE models.
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