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Abstract

Mixture-of-Experts (MoE) models enable scalable perfor-
mance by activating large parameter sets sparsely, minimiz-
ing computational overhead. To mitigate the prohibitive cost
of training MoEs from scratch, recent work employs up-
cycling, reusing a single pre-trained dense model by repli-
cating its feed-forward network (FFN) layers into experts.
However, this limits expert diversity, as all experts origi-
nate from a single pre-trained dense model. This paper ad-
dresses this limitation by constructing powerful MoE models
using experts sourced from multiple identically-architected
but disparate pre-trained models (e.g., Qwen2.5-Coder and
Qwen2). A key challenge lies in the fact that these source
models occupy disparate, dissonant regions of the parameter
space, making direct upcycling prone to severe performance
degradation. To overcome this, we propose Symphony-MoE,
a novel two-stage framework designed to harmonize these
models into a single, coherent expert mixture. First, we es-
tablish this harmony in a training-free manner: we construct
a shared backbone via a layer-aware fusion strategy and,
crucially, alleviate parameter misalignment among experts
using activation-based functional alignment. Subsequently,
a stage of post-training coordinates the entire architecture.
Experiments demonstrate that our method successfully inte-
grates experts from heterogeneous sources, achieving an MoE
model that significantly surpasses baselines in multi-domain
tasks and out-of-distribution generalization.

1 Introduction

Large language models (LLMs) have demonstrated remark-
able progress in recent years, with the Mixture-of-Experts
(MoE) architecture emerging as a key paradigm for efficient
scaling (Shazeer et al. 2017). By dynamically routing com-
putations to sparse subsets of parameters—known as “ex-
perts”—MoE models achieve vast total capacity while main-
taining a near-constant floating-point operations (FLOPs)
count per forward pass.

Despite their potential, training MoE models from scratch
requires prohibitive computational resources and massive
datasets. To mitigate this, academia and industry have
explored upcycling techniques (Komatsuzaki et al. 2022;

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Naive Upcyclmg
Upcycling t I’

Fine- tunlng

(qWenz eeneran

“ MOE
Model (qWenz Math) Model
(e.g. Qwen2)

((lwenZ Code)

Fine-tuning &o Alignment a
-(e,gv Qwen2.5) .QWEHZ.SrGenemI}
M
(Qwen2-Math) 2
= (e.g. Qwen2) - -
Dense @ o /
Model n (Qwen2.5-Code) =

Figure 1: Comparison between the workflow of naive upcy-
cling and ours.
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Zhu et al. 2024). These methods typically expand a pre-
trained dense model’s feed-forward network (FFN) layers
into MoE layers, initializing each expert as a replica of the
original FFN. Subsequent continual training then encour-
ages expert specialization, with studies confirming that di-
verse data subsets can effectively differentiate replicated ex-
perts (Sukhbaatar et al. 2024).

However, existing upcycling approaches such as “Branch-
Train-Mix” (Sukhbaatar et al. 2024) share a fundamental
limitation: reliance on a single pre-trained checkpoint (see
Figure 1). Consequently, all experts originate from an iden-
tical parameter space, regardless of subsequent specializa-
tion. This “single-origin” constraint intrinsically caps expert
diversity. In practice, a large number of high-quality, identi-
cally architected models—specialized through distinct pre-
training objectives, data corpora, or versions—exist, such as
the dialogue-optimized Llama2-Chat (Touvron et al. 2023)
and the code-centric Code Llama (Roziere et al. 2023).
These models capture unique knowledge and capabilities
within their domains, occupying valuable yet heterogeneous
regions of the parameter space. Directly leveraging such spe-
cialized models as distinct experts offers a promising avenue
for constructing more powerful and versatile MoEs, but re-
mains infeasible under current frameworks.
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Figure 2: Overview of the Symphony-MoE construction pipeline. In Stage 1, disparate source models are harmonized without
training: non-FFN layers are merged into a shared backbone using techniques such as SLERP, while FFN layers are aligned
through activation-based neuron permutation. In Stage 2, the experts, router, and shared backbone undergo post-training to

enable coordination among the now-compatible components.

Thus, this paper addresses a core research question: Can
we effectively assemble MoE models by upcycling ex-
perts from disparately initialized source models? Naive
upcycling encounters severe parameter space misalign-
ment (Ainsworth, Hayase, and Srinivasa 2022). Models
trained with divergent histories tend to occupy incompati-
ble regions of both the numerical and semantic parameter
space. Simply concatenating such models leads to catas-
trophic interference, as the misaligned experts disrupt each
other’s internal representations. As a result, the router can
no longer perform meaningful dispatching across function-
ally incoherent experts.

We propose Symphony-MoE, a framework for harmo-
nizing a collection of disparate models into a single, pow-
erful MoE. We achieve this harmonization through a two-
stage process, where the parameter space misalignment
is resolved via training-free functional alignment. In this
first stage, we construct a coherent shared backbone using
layer-aware fusion. We apply Spherical Linear Interpolation
(SLERP) (Wortsman et al. 2022) to self-attention modules
to maintain their geometric integrity, while using a selective
linear strategy for token embeddings to handle vocabulary
mismatches and simple averaging for the statistically-driven
LayerNorm parameters. Crucially, to harmonize the experts
themselves, we functionally align them to a shared repre-
sentational space. This is achieved not by averaging, but by
a precise reordering of neurons based on activation similari-
ties, solved via a Linear Assignment Problem. This training-
free process yields a pool of diverse yet functionally com-
patible experts, setting the stage for efficient coordination.

The second stage performs global coordination through
post-training. To prevent expert collapse and encourage
balanced expert utilization, this stage introduces a load-

balancing loss that promotes uniform routing across experts.

The core contributions of this work are threefold:

(1) We investigate the problem of upcycling multiple
identically architected yet independently pretrained models
into a unified MoE model. We identify parameter space mis-
alignment as a key barrier to this process.

(2) We introduce a harmonization framework that ad-
dresses expert incompatibility, combining layer-aware fu-
sion and activation-driven functional alignment to preserve
the specialized knowledge embedded in each source model.

(3) Through comprehensive experiments on in-
distribution and out-of-distribution datasets, we show
that our method achieves strong performance and general-
izes well to out-of-distribution settings, demonstrating the
feasibility of harmonizing disparate pre-trained models into
a coherent MoE.

2 Related Works
2.1 Mixture-of-Experts Models

The Mixture-of-Experts (MoE) paradigm is originally pro-
posed as a “divide and conquer” modular learning sys-
tem (Jacobs et al. 1991). Its modern renaissance was trig-
gered by the Sparsely-Gated MoE (Shazeer et al. 2017),
which introduced sparse, top-k routing to enable conditional
computation at an unprecedented scale. This decouples the
model’s parameter count from its computational cost.
Subsequent advances, most notably the Switch Trans-
former (Fedus, Zoph, and Shazeer 2022), simplified the rout-
ing mechanism to top-1 selection, improving training stabil-
ity and reducing communication overhead. This streamlined
approach established sparsity as a core strategy for scaling,
as adopted in models like GLaM (Du et al. 2022) and Mix-
tral (Jiang et al. 2024). However, training these massive MoE



models from scratch remains prohibitively expensive, which
motivates more resource-efficient construction methods.

2.2 MoE Construction via Upcycling

To mitigate the immense cost of training MoEs from scratch,
the upcycling paradigm has emerged as a practical alter-
native. The vanilla approach, or Sparse Upcycling (Komat-
suzaki et al. 2022; He et al. 2024; Zhao et al. 2024), involves
converting a pre-trained dense model into an MoE by repli-
cating its feed-forward network (FFN) layers to form multi-
ple, initially identical experts. While this provides a strong
initialization, it suffers from a knowledge bottleneck and a
lack of initial expert diversity, as all experts originate from a
single source.

To address this, Drop-Upcycling (Nakamura et al. 2025)
performs partial re-initialization to enhance expert diver-
sity. “Branch-Train-Mix” strategy (Sukhbaatar et al. 2024;
Horoi et al. 2025; Kang et al. 2024; Li et al. 2024a) con-
structs an MoE from multiple, pre-specialized dense mod-
els to inject diverse knowledge from the outset. For exam-
ple, BAM (Zhang et al. 2024) first fine-tunes copies of a
base model on different domains and then uses their spe-
cialized FFN and attention layers as the experts in the fi-
nal MoE. However, it introduces a new critical challenge:
how to effectively fuse the knowledge from these disparate
trained specialists, whose parameters reside in different re-
gions of the loss landscape. Current methods like BAM and
Self-MoE (Kang et al. 2024) rely on rudimentary fusion
techniques, such as simple averaging for non-expert layers,
which are not guaranteed to be optimal.

2.3 Model Merging

The challenge of combining disparate pre-trained models
is the central focus of the model merging field (Tao et al.
2024; Imfeld et al. 2023). To merge truly “stranger” mod-
els, advanced techniques explicitly resolve misalignment.
Model Soups (Wortsman et al. 2022) averages the weights
of models fine-tuned from the same checkpoint, assuming
they remain in the same well-connected loss basin. Methods
like PLeaS (Ito, Yamada, and Kumagai 2024) and Git Re-
Basin (Ainsworth, Hayase, and Srinivasa 2022) find an op-
timal permutation matrix to align neurons layer-wise before
averaging. TIES-Merging (Yadav et al. 2023) resolves inter-
ference between task vectors by trimming redundant updates
and electing a dominant sign for parameter changes. These
methods, however, are general-purpose algorithms designed
to produce a single, dense consensus model. They are not
tailored for the specific architectural needs of MoE construc-
tion, such as preserving expert diversity or informing the ini-
tialization of the router.

Our work bridges this gap. We integrate permutation-
based alignment into the MoE construction pipeline, repur-
posing these techniques for a new goal. We use alignment
to make disparate experts functionally compatible. This en-
sures they can operate within a shared coordinate system
while preserving their individual specializations.

3 Methods

We introduce a two-stage framework to effectively assem-
ble a MoE model from disparate, pre-trained source mod-
els. The first stage operates entirely without training, re-
solving the critical parameter space misalignment prob-
lem through training-free functional alignment. The second
stage then coordinates the now-compatible experts, unlock-
ing their collective capabilities.

3.1 Preliminaries and Problem Formulation

We first establish the requisite notation for Transformer and
MOoE architectures and then formally define the problem.

A standard Transformer model is composed of stacked
layers, each typically containing a multi-head self-attention
mechanism followed by a position-wise feed-forward net-
work (FFN). In an MoE architecture, the dense FFN layer
is replaced by a set of /N independent “expert” networks
{E1, Es,...,En}, each with the same architecture as the
original FFN. A trainable router network, R, directs the in-
put tokens to a sparse subset of these experts. For each input
token x, the router computes gating values g(x) that deter-
mine how the outputs of the experts are combined:

N
Myop(x) = gi(x) - Ei() (1)
i=1

The gating values are typically produced by a linear layer
followed by a softmax function, g(z) = Softmax(zWy),
where W, is a trainable routing matrix. For sparsity, often
only the top-k experts with the highest gating values are ac-
tivated for any given token.

Our work addresses the novel challenge of construct-
ing an MoE model from multiple, disparate pre-trained
source models. Formally, we are given a set of N source
models, {My, Ms, ..., My}. These models share an iden-
tical architecture but possess distinct sets of parameters
{01,02,...,0x} as a result of being trained on different
datasets { D1, Do, ..., Dy}, for different tasks, or with dif-
ferent optimization objectives. The goal is to construct a sin-
gle, powerful MoE model, M;,r, by leveraging the FFN
layers of the source models as its experts. The fundamental
barrier to this goal is the severe parameter space misalign-
ment between the models, where the parameters 6; and 6;
(for i # j) occupy incompatible semantic spaces.

3.2 Stage 1: Training-Free Functional Alignment

Our first stage assembles a MoE model from dense mod-
els entirely without training. This process involves two key
steps: fusing the shared architectural backbone and function-
ally aligning the FFN expert layers.

Shared Backbone Construction. We first construct the
shared, non-expert layers. Our approach to this fusion is ex-
plicitly layer-aware. Rather than applying a single, uniform
merging technique, we tailor the fusion strategy to the spe-
cific architectural function of each component. Specifically:

- For the token embedding layers, we follow the selec-
tive linear strategy implemented in MergeKit (Goddard et al.
2024). For tokens shared across models, the algorithm re-
trieves their corresponding embedding vectors from each



model and performs standard linear averaging. For tokens
that are unique to a specific model—i.e., not present in the
vocabularies of others—the original embedding is preserved
without modification.

- For self-attention modules, which are critical for contex-
tual understanding, we apply Spherical Linear Interpolation
(SLERP) (Wortsman et al. 2022). This method better pre-
serves the geometric integrity of the weight space and mit-
igates the functional degradation often caused by naive lin-
ear averaging. We apply it to all weight matrices (Q, K, V, O
projections).

- In contrast, the primary statistical function of Layer-
Norm parameters makes a simple linear average a sufficient
and stable choice (Jin et al. 2022).

Pairwise Inter-Expert Alignment. We designate one
model’s FENs as the “anchor” and then permute the neurons
of the other models’ FFNs to match the anchor’s functional
behavior based on activation patterns.

For each non-anchor model M; and each layer [, the align-
ment process is as follows:

1. Activation Collection: We construct a small and diverse
calibration set D, by sampling equally from each continue
pre-training dataset D;, Do, ..., Dy used in dense model
training. Each instruction in D, is passed through both the
anchor model M; and a target model M; to extract their FFN

activation matrices at layer [, denoted as A(ll) and AEZ), re-
spectively. We sample activations using a tokenizer with a
merged vocabulary, extract the post-nonlinearity activation
values, and perform normalization.

2. Permutation Matching: We find the optimal permuta-

tion matrix Pi(l) that aligns the neurons of M; to M; by
solving the linear assignment problem:

in ||AY — AV |2 2
min [|4;7 — A7 Pllp @)

where P is the set of permutation matrices and || - || is
the Frobenius norm. This problem can be solved efficiently
with the Hungarian algorithm (Mills-Tettey, Stentz, and Dias
2007).

3. Weight Remapping: We apply the computed permu-

tation Pi(l) to the FFN weights (Nasery et al. 2025). This
involves permuting the output dimension of the first linear
layer’s weights W.,,,, W4te, and the input dimension of the
second linear layer’s W, to maintain harmonization:

/ — W(l) »P-(l), / — W(l) ‘1374_(0 (3)

up,i up,it i gate,i gate,i

Wc/lown,i = (Pi(l))Twzgi)wn,i (4)

This procedure results in /N functionally aligned experts for
each layer, all operating in a consistent parameter space.

We analyzed the computational cost to verify the scalabil-
ity. The time complexity of this solution is polynomial. The
analysis can be found in the Appendix.

3.3 Stage 2: Activating the MoE via Post-training

In Stage 2, we integrate the constructed shared backbone
with the expert models and introduce a randomly initialized
router, implemented as a simple linear layer. The calibration

dataset D.,, introduced in Stage 1, is extended, enabling
the MoE to learn how to coordinate the experts. The expert
layers, shared backbone, and the router are trained on the
extended calibration dataset D.,;.

We adopt a fop-2 routing mechanism and train the MoE
model using a composite loss function:

£total = ‘Clm +A- ‘cbal (5)

where L, is the standard causal language modeling ob-
jective, and Ly, is a load-balancing regularization term in-
troduced in Switch Transformer (Fedus, Zoph, and Shazeer
2022). The coefficient A is fixed at 0.01 in all experiments.

Notably, the router is not provided with explicit super-
vision indicating which expert to select for each token. It
learns expert assignment implicitly through continual pre-
training on D .

4 Experiments

In this section, we aim to address the following key research
questions: (1) How does Symphony-MoE perform at differ-
ent model scales or types, compared to baseline models on
both in-distribution and out-of-distribution (OOD) datasets?
(2) Does our proposed alignment method effectively miti-
gate parameter space misalignment across experts? (3) How
does the choice of anchor model influence the final perfor-
mance of Symphony-MoE? (4) What is the impact of vary-
ing the number of experts on model performance? (5) Ab-
lation Analysis: How sensitive is the system to variations in
alignment and merging strategies?

4.1 Experimental Setup

4.1.1 Build Disparately Initialized Dense Models To en-
sure a rigorous evaluation of our proposed merging method,
we first constructed a set of four disparately initialized
dense models at scale of 0.5/1.5B. This experimental suite
was designed to reflect real-world disparity by system-
atically incorporating variations across three dimensions:
model versions, pre-training data domains, and downstream
instruction-tuning tasks.

Our framework is built upon three distinct foundation
checkpoints, each contributing a different source of dispar-
ity. The first is Qwen2.5-Base, a general-purpose model
trained on broad-domain natural language data, with a fo-
cus on tasks involving understanding and generation. To in-
troduce task- and data-level disparity, we include Qwen?2.5-
Coder (Hui et al. 2024), which is primarily trained on
code-related corpora and optimized for tasks such as code
completion and code—natural language interconversion. Fi-
nally, to incorporate version-level disparity, we use Qwen2-
Base (Team 2024), an architecturally compatible prede-
cessor of Qwen2.5-Base with a completely different pre-
training history.

Based on the three foundational models, we derived four
specialist experts through instruction fine-tuning. The gener-
alist expert (M7) and the mathematics expert (M5) were ob-
tained by fine-tuning Qwen2.5-Base on the Alpaca (Maeng,
Colin, and Lucia 2017) and MetaMathQA (Yu et al. 2024)
datasets, respectively. The code expert (M3) was derived



ID 00D

|  MMLU GSMSK BBH HumanEval ~TruthfulQA  Avg.* | MedCQA
Dense (0.5B)
General (Ml, ANC) 44.27:|:0_40 18.87:|:1,07 27.46:‘:0'50 24-40:t3.36 27~29:t1.56 28.46* 26.20i0,19
Math (M>) 42.0740.40 19334108 22724046 20734317 28404158 26.65" 26.2340.19
Code (M3) 30961038 20484041 25331049 28714327 25814155 26.26" 25.9340.19
Science (M4) 39.25:|:0_41 21.30:|:1,12 22.98:‘:0'48 18.29:‘:3'02 30.01i1_50 26.37* 25.56i0,19
MOE (0.5B x 4)
BTX 37284061 18951042 25571045 26594515 23904119 26.46% 24.02.40 19
BAM 42764070 19154068 27684058 26.77+307 26541161 28.58* 26.7940.19
Drop 44.08i0_40 22.85i0_39 26~51i0.48 25-52i3.19 30.81+1,55 29.95* 27~95i0.20
Symphony (Ours) 45.10:|:0_40 24.57:|:1,11 29.64:‘:0.48 28.02:‘:3'12 31'54:t1.50 31.77* 29.07:|:0,19

Table 1: Performance comparison of dense (Qwen2/2.5 0.5B) and MoE models (upcycled from dense models) on in-distribution
(ID) and out-of-distribution (OOD) data. The best and second-best results are bolded and underlined. “ANC” stands for anchor

model. “Avg*” stands for the average scores of ID datasets.

ID 00D

\ MMLU GSMSK BBH HumanEval TruthfulQA  Avg.* \ MedCQA
Dense (1.5B)
General (Ml, ANC) 59'57i0.39 33-72i0.39 44-39i0.55 37.1913.79 29-87i1.60 40.95* 30'39i0.20
Math (M>) 56.731039 34.11i050 43971054 37201379 31331162 40.67* 30.36.40.20
Code (Mg) 43'74i0.41 35.86i1.33 36.17i0.55 43-41j:3.81 26.19i1.51 37.07* 28.72i0,19
Science (M4) 54.60i0_40 32-45i1.30 36.05i0.53 35.3713.74 30.78i1.57 37.85* 29'72i0.19
MOoE (1.5B x 4)
BTX 45121088 30351045 40.111p58 29.084315 25.021;515 33.94* 26.9219.18
BAM 50771075 36.99i061 45011050 37.841080 27.1411g9 39.55* 28.97 1018
DI‘Op 57-14:|:O‘81 34.92:‘:1.12 44.83 4+0.43 36.72:‘:1,89 31.884_1‘49 41.10* 32.90:|:0‘19
Symphony (Ours) 58.91i0_31 39.1211409 46-97i0.36 42.391359 32-95i2.31 44.07* 35.26i0_22

Table 2: Performance comparison of dense (Qwen2/2.5 1.5B) and MoE models (upcycled from dense models) on in-distribution
(ID) and out-of-distribution (OOD) data. The best and second-best results are bolded and underlined. “ANC” stands for anchor

model. “Avg*” stands for the average scores of ID datasets.

from our code-specialized foundation using the CodeAl-
paca (Li et al. 2024b) dataset. The science expert (M) was
created by fine-tuning Qwen2-Base on the SciQAG (Wan
et al. 2024) dataset.

Further training details are provided in the Appendix.

4.1.2 Evaluation Datasets and Metrics We evaluate our
method on five in-distribution datasets: MMLU (General)
(Hendrycks et al. 2021), GSM8K (Math) (Cobbe et al.
2021), BBH (General, Reasoning) (Suzgun et al. 2022),
HumanEval (Code) (Chen 2021), and TruthfulQA (Sci-
ence) (Lin, Hilton, and Evans 2022). We also include an out-
of-distribution benchmark, MedCQA (Medicine) (Shoham
and Rappoport 2024).

For evaluation, we follow the standard metrics used in
each benchmark: MMLU and MedCQA are evaluated using
zero-shot accuracy, GSM8K and BBH use eight-shot accu-
racy, HumanEval is measured with pass@ 1, and Truthful QA
adopts the MC1 metric.

4.1.3 Baselines We compare our upcycling approach
against two categories: the dense models Mj, Ms, Ms,

M, that we upcycle, and recent upcycling methods (BTX
(Sukhbaatar et al. 2024), BAM (Zhang et al. 2024), Drop
(Nakamura et al. 2025)). To ensure fairness, the baseline
method uses the same data as ours for fine-tuning the dense
model. We reproduced the results according to the original
paper, and the reproduction details are in the appendix.

4.2 Implementation Details

Our experiments were conducted on 24 NVIDIA V100
GPUs. The dense model was implemented using LLaMA-
Factory (Zheng et al. 2024), and trained for 2 epochs.

In Stage 1: Alignment, we randomly sampled from each
training dataset to construct the calibration set D), result-
ing in a total of 10.4M tokens. The training data is sampled
from SlimPajamal (General, Code), Finemath?, and Scien-
tific Papers®. To ensure consistent alignment and integra-
tion across expert models, we fixed a general-purpose expert

"https://huggingface.co/datasets/cerebras/SlimPajama-627B
Zhttps://huggingface.co/datasets/HuggingFace TB/finemath
*https://huggingface.co/datasets/scientific_papers



Analysis of Inter-Expert Functional Specialization using CKA
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Figure 3: Quantitative analysis of inter-expert functional specialization using Centered Kernel Alignment (CKA). Lower CKA
scores indicate greater functional specialization. High CKA scores between experts reflect parameter space misalignment,
caused by failing to align neurons functionally during merging. This misalignment leads to representational collapse, erasing

the distinct capabilities of individual experts.

model M; as the anchor model. To ensure that the knowl-
edge of each expert is equally integrated and to avoid intro-
ducing any bias, the weights for merging the 4 dense models
are set to 0.25.

In Stage 2: Post-training, we increased the sampled data
size, expanding D, to 5B tokens. We set the cutoff length
to 2048 and train the model for 6 epochs with a batch size of
2. The learning rate is fixed at Se-5, and optimization is per-
formed using AdamW (Zhuang et al. 2022) with a maximum
gradient norm of 1.0.

In the evaluation phase, we used Im-evaluation-harness-
v0.4 (Gao et al. 2024) to obtain scores for datasets such as
MMLU and GSM8K.

4.3 Main Results

Overall Performance. As summarized in Table 6 and 2,
Symphony-MoE achieves the highest average score across
all evaluation datasets, substantially outperforming all MoE
baselines, including BTX, BAM, and Drop. In contrast, in-
dividual dense models demonstrate strong domain special-
ization but suffer severe performance degradation on out-of-
domain tasks, indicating limited generalization.

In-Domain Expertise Preservation. Importantly,
Symphony-MoE is not a naive average of its experts.
On in-domain tasks, it effectively retains the special-
ized capabilities of its constituent models. For example,
in the HumanEval, although the dedicated code expert
Ms achieves the top score, Symphony-MoE performs
comparably, trailing by only 1-2 percentage points.

Out-of-Distribution Generalization. Beyond domain re-
tention, Symphony-MoE demonstrates superior generaliza-
tion ability, outperforming all baselines on MedCQA. This
suggests that our activation-based alignment strategy en-
ables the model to internalize more transferable and funda-
mental reasoning patterns, rather than merely interpolating
between expert skills.

Robustness Across Scales. We further validate these
findings across two model scales—4 experts x 0.5B and

4 experts x 1.5B. In both settings, Symphony-MoE con-
sistently exhibits strong average performance, competitive
in-domain expertise, and leading out-of-distribution gener-
alization, confirming the robustness of our approach.

Robustness Across Types. We further validated the ef-
fectiveness of Symphony-MoE using the Llama model as the
source architecture. As shown in the Appendix, our method
yields consistent improvements, demonstrating its robust-
ness across different backbone model types.

4.4 Analysis of Inter-Expert Functional
Specialization

To quantitatively assess the effectiveness of our functional
alignment method, we compute the pairwise functional spe-
cialization between expert layers using Centered Kernel
Alignment (CKA) (Cortes, Mohri, and Rostamizadeh 2012),
a widely adopted technique for comparing neural network
representations. A lower CKA score indicates greater func-
tional specialization. We evaluate three scenarios: (a) the
original, unmerged expert models as a reference baseline;
(b) a naive merging approach without alignment; (c) our
method employing activation-based functional alignment.
As shown in Figure 3, the naive merging strategy leads to
a severe representational collapse. Experts trained indepen-
dently develop distinct internal coordinate systems; merg-
ing them without alignment forces the model to conflate
functionally unrelated neurons. This results in inflated inter-
expert CKA scores (e.g., 0.65-0.75), signaling that unique
functional fingerprints of the experts have been blurred into
a redundant subspace. In such a scenario, the router lacks
the discriminative basis to perform specialized dispatching.
In contrast, our method explicitly resolves this misalign-
ment by permuting neurons to form a functionally coher-
ent coordinate system prior to merging. Figure 3(c) demon-
strates that this alignment dramatically restores inter-expert
specialization, with CKA scores returning to near-optimal
levels comparable to those of the original experts (Fig-
ure 3(a)). This provides empirical evidence that our har-
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Figure 4: Performance analysis of Symphony-MoE. (a) Av-
erage in-distribution (ID) and out-of-distribution (OOD)
scores under different anchor model choices. (b) Impact of
increasing the number of experts from 1 to 4 on ID and OOD
performance.

monization framework effectively mitigates parameter space
misalignment.

4.5 Analysis of Anchor Model Selection

To isolate the impact of anchor model selection, we fixed
all other experimental conditions and varied only the anchor
model used in the first stage. Specifically, we constructed
four Symphony-MoE (1.5B x4) models using My, M, M3,
and M, as anchors, respectively, and evaluated their aver-
age performance across both in-distribution (ID) and out-of-
distribution (OOD) datasets.

As shown in the Figure 4(a), using the general-purpose
expert model M, as the anchor yields the highest average
scores on both ID and OOD tasks. This suggests that a bal-
anced and non-specialized functional space plays a critical
role in constructing an effective “omnipotent” MoE. It fa-
cilitates collaboration among experts without constraining
them to overly narrow subspaces.

4.6 Analysis of the Number of Experts

In Figure 4(b), we illustrate the effect of varying the num-
ber of experts in Symphony-MoE (1.5Bx4). Specifically,
experts are added incrementally in a fixed order: M, alone
for one expert; M; and M, for two; My, Mo, and Ms for
three; and all four experts for the complete model. The re-
sults show that increasing the number of experts consistently
improves performance on both ID and OOD tasks, with the
addition of the mathematics expert (M>) yielding the most
substantial performance gain.

4.7 Ablation Analysis

We assessed the impact of key components on the perfor-
mance of the Symphony-MoE model (1.5B x 4 configura-
tion) through an ablation study, where each core module was
individually removed or replaced. The results are presented
in Table 3. Specifically, Naive Attention Merge replaces the
SLERP fusion strategy with simple linear averaging when
constructing the shared backbone for self-attention layers in
Stage 1. This setting quantifies the contribution of SLERP to

Model / Configuration ID Avg. OOD
(+) Full Method 44,07  35.26
(-) No Functional Alignment 33.94 26.92

(-) Align 80% of the Neurons  43.57 34.61
(-) Naive Attention Merge 37.28 31.77
(-) Naive Embedding Merge 40.19  31.95
(-) Biased Calibration Data 39.70 29.44

Table 3: Ablation analysis of key components in Symphony-
MoE (1.5B x 4).

preserving the functional integrity of attention mechanisms.
Naive Embedding Merge replaces MergeKit with a naive lin-
ear averaging of overlapping token embeddings during the
construction of the shared embedding layer. Biased Cali-
bration Data alters the sampling strategy of the calibration
dataset D, in the alignment stage, using samples exclu-
sively from the training set of the general expert M, rather
than from all expert domains.

The results highlight the critical role of functional align-
ment: removing it causes catastrophic performance collapse,
confirming that resolving parameter space inconsistencies
is fundamental to the framework. Aligning only 80% of
the neurons did not result in a significant decrease in the
model’s performance, demonstrating the robustness of the
alignment method. Replacing SLERP with linear averaging
leads to substantial degradation, supporting our hypothesis
that the geometry of attention weights is essential for pre-
serving functionality. While simplifying the embedding fu-
sion yields only a moderate drop, it nonetheless indicates the
value of layer-aware merging in the shared backbone. No-
tably, using biased calibration data results in the most severe
performance decline after removing alignment, underscor-
ing the importance of domain diversity in constructing D)
for effective inter-expert coordination.

5 Conclusion

This paper presents Symphony-MoE, a framework for build-
ing powerful MoE models by upcycling experts from mul-
tiple, diverse pre-trained sources. We tackle the core chal-
lenge of parameter space misalignment through a two-stage
process. Experiments show that Symphony-MoE outper-
forms baselines on multi-domain tasks and generalizes well
to out-of-distribution data. This approach offers a scalable
path to leverage the collective knowledge embedded in ex-
isting specialized models.

Limitations. Our current framework requires that all
source models share an identical architecture and are all
language models. This constraint limits the pool of poten-
tial experts that can be integrated. Future work could focus
on developing more advanced alignment techniques capable
of harmonizing models with minor architectural dissimilar-
ities or modality differences. The effectiveness of functional
alignment depends on the diversity of the calibration dataset.
Although we propose a straightforward sampling strategy,
optimizing the process to ensure a highly diverse set of ex-
perts presents a significant challenge.
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Computational Cost Analysis of Pairwise
Inter-Expert Alignment

The scalability of the Symphony-MoE framework is criti-
cally dependent on the computational cost of its alignment
stage. This section provides an analysis of the computa-
tional complexity of the Pairwise Inter-Expert Alignment
process, demonstrating its efficiency and viability for large-
scale models.

The alignment process consists of three main steps: 1) Ac-
tivation Collection, 2) Permutation Matching, and 3) Weight
Remapping. We analyze the cost of each step for a single
layer, which can then be multiplied by the number of layers
to determine the total cost.

1. Activation Collection: This step involves performing
a forward pass through the anchor model (M7) and each
non-anchor model (M;) to extract FEN activation matrices.
The cost is proportional to the size of the calibration dataset
(Dcq1) and the number of parameters in the models. Let
C'forward be the cost of a single forward pass. For N mod-
els, this step is performed for all N — 1 non-anchor models.
Thus, the total cost for this step is (N —1) X C'torward. Since
the forward pass is a standard operation in neural networks,
this cost is manageable.

2. Permutation Matching: For each layer, we solve a lin-
ear assignment problem to find the optimal permutation ma-

trix (Pi(l)) that aligns the neurons of a non-anchor model to
the anchor model. This is formulated as:

in 14D _ A0 pyj2
glel%” 1 i %

where P is the set of permutation matrices. This problem is
efficiently solved using the Hungarian algorithm. The com-
putational complexity of the Hungarian algorithm for a d x d
matrix, where d is the number of neurons in the FFN layer,
is O(d®).

3. Weight Remapping: The computed permutation ma-
trix is then applied to the weights of the FFN layers. This
involves permuting the columns of the first linear layer’s

weights (Wig}i) and the rows of the second linear layer’s

weights (W(Ei)wm o
_w® p®)
;p,i - Wup,iPi
Wc/lown,i = (Pz(l))Twzgi)wn,z

The cost of these matrix multiplications for an FFN layer
with input dimension d;,, hidden dimension d, and output
dimension dy,; is O(d;y, X dx d) for the first layer and O(d x
d X d oyt ) for the second. In typical transformer architectures,
din - dout, SO the total cost for remapping is approximately
O(d?).

Overall Scalability: The dominant computational cost in
the alignment of a single layer is the permutation match-
ing and weight remapping, both of which are polynomial in
the number of neurons (d). The total cost for aligning all
FFN layers in N — 1 non-anchor models is proportional to
(N — 1) x L x O(d®), where L is the number of layers.
While the cubic complexity with respect to the number of
neurons may seem significant, in practice, this alignment is

a one-time, offline process performed before post-training.
The cost is independent of the size of the training dataset
for the final MoE model and is parallelizable across layers
and models, making it a scalable solution for constructing
large-scale MoE models from disparate pre-trained models.

Experimental Setup Details

To create a set of specialized experts, we fine-tuned four
distinct dense models. The foundation models include
Qwen2.5-Base, its predecessor Qwen2-Base, and the code-
specialized Qwen2.5-Coder. This selection was made to in-
troduce disparity across model versions, pre-training data,
and downstream tasks.

The instruction fine-tuning for all dense models was per-
formed for 2 epochs with a consistent set of hyperparameters
to ensure comparability.

For the model’s training configuration, we selected the
AdamW optimizer with a learning rate set to 5e-5. During
training, a batch size of 2 was used, and to prevent explod-
ing gradients, we employed gradient clipping, limiting the
max gradient norm to 1.0. The sequence cutoff length was
set to 2048. Additionally, for regularization, a weight decay
of 0.01 was applied, and a Cosine Decay scheduler was used
to adjust the learning rate dynamically.

The calibration dataset D.,;, used in Stage 1, was con-
structed by sampling equally from each of the instruction
fine-tuning datasets (See Table 5), resulting in a total of
10.404M tokens. This ensures a balanced representation of
each expert’s domain during alignment and router training.
For the post-training in Stage 2, we trained for 6 epochs us-
ing the AdamW optimizer with a learning rate of 5e-5.

Domain Datasets for Source Model Construction

General Alpaca
Math MetaMathQA
Code CodeAlpaca
Science SciQAG

Table 4: Explanation of instruction-finetuning datasets for
source models. This batch of data was entirely used for train-
ing and was not sampled.

Domain Source of the Calibration Dataset

General SlimPajama-Wikipedia
Math Finemath

Code SlimPajama-Github
Science Scientific-Papers

Table 5: Explanation of the source of the Calibration Dataset
D_q;. The number of tokens sampled from each data source
is the same to ensure a balanced composition of D.4;. The
random seed for sampling is set to 114514.



MMLU GSMSK BBH HumanEval TruthfulQA  Avg. MedCQA

Dense (1B)

General (Ml, ANC) 61.35i0.39 35-14i1.09 45.0510.55 40‘15i3.80 30.1 1i1.60 42.36* 31-55i0.20
Math (M) 58101039 38951133 47.051054 39504379 32.051162 43.13* 31.8919.20
Code (M3) 45201041 37104133 38224055 46.88.351 2785115  39.05% 29.81.0 19
Science (M4) 57-90i0440 34.20i1_30 37.951—0,53 38.14i3_74 33.05i1_57 40.25* 30.98i0_19
MOoE (1B x 4)

BTX 47331085 32154045 41.801058 31774315 26954115 36.00° 28.15401s
BAM 52954075 38.104061 46.851059 40.104289 28.881189 41.38% 30.8510.1s
DI‘Op 59-20:|:0.81 37.85i1_12 46.90:‘:0,43 42-15:t1.89 32-95:t1.49 43.81* 34-25:t0.19
Symphony (OUI'S) 60.88+0.31 38.80+1,09 47-1110.36 45‘95i3.69 33-15i2.31 47.18* 37-33i0.22

Table 6: Performance comparison of dense (Llama 3.2 1B) and MoE models (upcycled from dense models) on in-distribution
(ID) and out-of-distribution (OOD) data.

Description and Reproduction Details of
Baselines

All baselines in our comparison follow a common two-stage
pipeline: upcycling — post-training. In the post-training
stage, to ensure a fair comparison, all models are trained
solely on the extended calibration dataset D, (as con-
structed in our framework), using the AdamW optimizer for
6 epochs with a learning rate of 5e-5. In the post-training
phase, all modules are trainable, and the learning rate re-
mains consistent.

The upcycling strategies adopted by each baseline are as
follows:

(a) BTX constructs experts by directly reusing the FFN
weights from each dense model. The shared backbone is
formed by linearly averaging all model weights.

(b) BAM reuses FFN weights and partial attention
weights (W9, W°) to construct experts, while the remaining
weights are linearly averaged to form the shared backbone.

(c) Drop-Upcycling reuses FFN weights and applies
Gaussian perturbation to randomly selected parameters to
prevent expert homogenization. The remaining weights are
reused and averaged to build the shared backbone, and the
expert modules are also updated during training.

Additional Experimental Results

For small-scale models, the Llama series uses Llama3.2 1B
for all versions (M7, My, Ms, My) to isolate the impact of
varying training tasks, data, and parameters on model per-
formance.



