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Abstract

We introduce MixtureKit, a modular open-
source framework for constructing, training,
and analyzing Mixture-of-Experts (MoE) mod-
els from arbitrary pre-trained or fine-tuned
checkpoints. MixtureKit supports three com-
plementary strategies: (i) Traditional MoE, us-
ing a single router per transformer block to
select experts; (ii) BTX (Branch-Train-Mix),
adding routers at user-specified sub-layers
for fine-grained token routing; and (iii) BTS
(Branch-Train-Stitch), preserving experts in-
tact and introducing lightweight stitch lay-
ers for controlled hub–expert information ex-
change. Given a single configuration dictio-
nary, MixtureKit automatically modifies model
configuration, patches decoder and causal LM
classes, and exports a unified transformers-
compatible checkpoint ready for inference or
further fine-tuning. We also provide a visual-
ization interface to inspect token routing, ex-
pert weight distributions, and layer-wise con-
tributions. Experiments on multilingual code-
switched (Arabic–Latin) data show that BTX
models built with MixtureKit can outperform
dense baselines across multiple benchmarks.
The library is accessible at: https://github.
com/MBZUAI-Paris/MixtureKit.

1 Introduction

Large Language Models (LLMs) have rapidly be-
come central tools in NLP research and deploy-
ment, achieving strong performance across a wide
range of downstream tasks (Yang et al., 2024).
This growth has coincided with a surge in open-
source and open-weight releases (Castaño et al.,
2023), including models tailored for domains such
as healthcare (Sellergren et al., 2025; Luo et al.,
2022), software development (Rozière et al., 2024;
Hui et al., 2024), and legal/financial practice (Wu
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et al., 2023; Yang et al., 2023). Much of the perfor-
mance progress has been driven by scaling (Kaplan
et al., 2020), producing large dense models (Team
et al., 2025; Grattafiori et al., 2024) that require sub-
stantial resources for training and inference (Cottier
et al., 2025). Continual fine-tuning also exposes
trade-offs: catastrophic forgetting can be more pro-
nounced in larger models (Luo et al., 2025), while
smaller models may retain learning capacity but
often lag in overall quality (Haque, 2025).

Mixture-of-Experts (MoE) models (Shazeer
et al., 2017) provide a practical alternative by rout-
ing tokens to a sparse subset of expert subnet-
works, increasing total capacity while keeping the
activated parameters per token small. Several re-
cent MoE systems rank among strong open mod-
els while offering lower inference cost (DeepSeek-
AI et al., 2025; OpenAI et al., 2025; Yang et al.,
2025). However, pre-training MoEs from scratch
remains expensive and typically offers limited con-
trol over the domain specialization of each expert
(Sukhbaatar et al., 2024). In parallel, the ecosys-
tem produces many capable checkpoints that be-
come under-used once surpassed by newer releases
(Osborne et al., 2024). This motivates recycling
pre-trained and fine-tuned models into a unified
MoE model that can combine domain expertise
with controllable routing and efficient updates.

We present MixtureKit, an open-source Python
library designed to make this recycling workflow
accessible and reproducible. MixtureKit composes
arbitrary HuggingFace checkpoints into a single
MoE model and automatically patches the archi-
tecture so the resulting checkpoint is immediately
usable via transformers. While prior efforts pro-
vide implementations for specific model families,
MixtureKit targets broader generalization, includ-
ing custom-code architectures, by automating con-
figuration edits and code rewriting. Our main con-
tributions are:
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• Unified composer and pipeline: a configuration-
driven, one-call workflow that composes check-
points, patches decoder/LM classes, and exports
a unified checkpoint ready for inference or fine-
tuning.

• Multiple MoE strategies: support for Tradi-
tional MoE, BTX, and BTS, enabling both router-
based and stitch-based expert integration, plus
load balancing to mitigate inactive experts (Fedus
et al., 2022).

• Routing visualization: an interactive interface
for analyzing token routing, expert usage, and
layer-wise contributions, supporting diagnosis of
collapse and specialization.

2 Related Work

Mixture-of-Experts (MoE). The Mixture-of-
Experts paradigm originates from early gating-
based formulations (Jacobs et al., 1991), where a
gating network routes inputs to specialized subnet-
works (experts). By restricting updates to a subset
of parameters, MoE mitigates interference across
tasks and improves learning efficiency compared
to large dense models.

Sparse MoEs were revitalized by Shazeer et al.
(2017), who introduced conditional computation
via a sparsely-gated top-k routing mechanism, acti-
vating only a subset of experts per token. Switch
Transformers (Fedus et al., 2022) (top-1 routing)
and GLaM (Du et al., 2022) (top-2 routing over
64 experts) demonstrated trillion-parameter scal-
ing with improved compute efficiency relative to
dense counterparts. However, these models were
not released as open weights.

Mixtral (Jiang et al., 2024) marked a turning
point as one of the first widely adopted open-weight
sparse MoEs (8 experts, 2 active per token), match-
ing or surpassing strong dense baselines such as
LLaMA 2 70B and GPT-3.5 while achieving sub-
stantially faster inference due to sparsity.

Model Merging and Recycling. Model merg-
ing differs from traditional ensembles: ensembles
combine predictions at inference with increased
computational cost, whereas merging combines pa-
rameters into a single deployable model. Model
Soups (Wortsman et al., 2022) demonstrated that
simple weight averaging of fine-tuned checkpoints
can retain collective strengths without additional
inference overhead.

Li et al. (2022) introduced Branch-Train-Merge
(BTM), where replicas of a base model are trained

on data partitions and later combined. While effec-
tive, such approaches may limit continued expert
specialization within a unified architecture. More
recent recycling-based approaches (e.g., BTX-style
integration (Sukhbaatar et al., 2024)) reinterpret
trained replicas as experts under sparse routing,
enabling reuse of existing checkpoints while pre-
serving low activated compute.

Toolkits. MergeKit (Goddard et al., 2025) pro-
vides a YAML-based interface for checkpoint
merging, including MoE-style merging with gate
initialization strategies (e.g., hidden-state-based,
embedding-based, or random). However, it primar-
ily supports predefined MoE configurations (e.g.,
Mixtral, DeepSeek, Qwen) and does not offer open
implementations of newer recycling techniques.
Mergoo (Leeroo AI, 2024) provides open-source

implementations of BTX-style MoE merging with
simplified configuration workflows, but relies on
hand-crafted integrations for a limited set of model
families (e.g., Phi3, Mistral, LLaMA), restricting
portability. Our work complements these tools
by enabling automatic patching of arbitrary check-
points (including custom-code models), supporting
routing- and stitch-based integration, and providing
visualization utilities for interpretability. A detailed
feature-level comparison across MoE strategies,
architecture coverage, routing features, and inter-
pretability is provided in Appendix A (Table 2).

3 MixtureKit: Design and
Implementation

MixtureKit provides a method-agnostic pipeline
that composes pretrained experts into a single
checkpoint and patches the target architecture with
either token routers (Traditional, BTX) or stitch lay-
ers (BTS). The system is driven by a configuration
dictionary (Fig. 2) and exposes a uniform interface,
so extending to new MoE variants largely reduces
to registering a conversion rule for targeted sub-
modules and a corresponding forward-pass hook.

3.1 Implemented Methods

Branch-Train-miX (BTX) Branch-Train-miX
(BTX) (Sukhbaatar et al., 2024) is a recycling strat-
egy that converts multiple trained replicas of a base
model into a single sparse MoE (Fig. 1-B), avoid-
ing the cost of training an MoE from scratch (Mu
and Lin, 2025). Following the Branch-Train-Merge
paradigm (Li et al., 2022), replicas are first trained
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Figure 1: Workflow for building the unified MoE model. (A) Experts are obtained via continual pre-training or
fine-tuning from HuggingFace checkpoints (Wolf et al., 2020), optionally including a base replica. (B–C) BTX and
Traditional MoE routing. Solid lines indicate selected experts under top-2; dashed indicates an optional additional
expert for top-k. FFA and FFB denote FFN internal projections (e.g., gate/up/down). (D) BTS: frozen hub and
experts with trainable stitch layers; the red line shows the refined hub output.

independently on different data partitions (Fig. 1-
A).

BTX then reinterprets selected feed-forward lay-
ers from each replica as experts within new MoE
layers, while learning routing networks that assign
each token to the top-k experts. Non-expert com-
ponents such as attention and embeddings are typ-
ically merged via parameter averaging, yielding
a unified backbone with expert-specialized FFNs.
Routing is trained with load-balancing objectives
to encourage effective expert utilization.

After composition, two adaptation strategies are
commonly used: (i) router-only tuning, which is
computationally efficient but may slightly reduce
accuracy, and (ii) full fine-tuning of all parame-
ters, which is more expensive yet often necessary
to recover or improve performance after averag-
ing. While effective, BTX requires decomposing
and reintegrating model components into a shared
MoE structure, limiting modular flexibility and in-
terpretability compared to approaches that preserve
experts as intact, separable units.

Traditional MoE BTX introduces separate
routers at each internal FFN projection (gate, up,
down), which increases routing flexibility but also
adds routing complexity and parameters. To align

with block-level routing in models such as Mixtral
(Jiang et al., 2024), MixtureKit provides Tradi-
tional MoE (Fig. 1-C), where a single router se-
lects one (or top-K) expert(s) per token and applies
the same expert choice across all FFN projections.
This reduces the number of routers and simplifies
training, while preserving sparse activation at in-
ference. As in prior work, Traditional routing can
suffer from dead experts; MixtureKit includes a
load-balancing loss with coefficient α to encourage
more uniform expert utilization (Fedus et al., 2022),
trading off balance against potential instability if α
is too large.

Branch-Train-Stitch (BTS) Router-based recy-
cling is effective but does not naturally yield a plug-
in structure where intact experts can be appended
and interpreted as separate modules. BTS (Zhang
et al., 2025) addresses this by keeping experts fully
intact in the final model (no parameter averaging)
and adding lightweight StitchLayers at selected
transformer blocks (including the final block) at a
user-defined frequency (Fig. 1-D). The hub (base)
model and expert blocks remain frozen, while stitch
parameters learn controlled information exchange.
In the experts-into-hub direction, expert hidden
states are projected into the hub space and com-
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config = {
"moe_method": "btx",
"stitch_freq": 5,
"model_type": "new_model_type",
"num_experts_per_tok": 2,
"experts": [

{"expert_name": "base_expert", "model_id":
"expert_base_checkpoint"},
{"expert_name": "expert_1", "model_id":
"expert_1_checkpoint"},
{"expert_name": "expert_2", "model_id":
"expert_2_checkpoint"},

],
"router_layers": ["mlp.gate_proj",

"mlp.up_proj", "mlp.down_proj"],
"alpha": 0,
"router_layers_index": []

}

Figure 2: Example configuration dictionary config for
BTX with top-2 routing and load balancing disabled.

bined via a softmax gate conditioned on the hub
state; in hub-into-experts, the hub state is pro-
jected into expert space and mixed via sigmoid
gating. This yields efficient training and clearer
modularity, at the cost of higher memory if many
full experts must be loaded.

3.2 End-to-End Workflow

User-centric configuration. MixtureKit is con-
trolled by a single configuration dictionary
(Fig. 2), designed to make experiments repeat-
able and shareable. The field moe_method se-
lects the strategy (btx, traditional, bts), while
model_type defines the identifier for the ex-
ported checkpoint. The experts list speci-
fies Hugging Face model IDs for the base and
domain-specialized checkpoints. Sparsity is set
by num_experts_per_tok (top-k). The fields
router_layers and router_layers_index de-
termine which submodules and which trans-
former blocks are converted. Method-specific
knobs such as stitch_freq and alpha con-
trol stitch insertion and load balancing. A sin-
gle call build_moe(config) exports a complete
transformers-compatible checkpoint.

Expert composition. The pipeline begins with
compose(), which loads each expert and integrates
parameters into a unified state dictionary. For
each parameter, MixtureKit decides whether it is
shared across experts or stored as expert-specific.
Shared parameters are averaged with shape-aware
alignment (so small dimension mismatches can
be handled when possible), while expert parame-
ters are stored under a structured namespace (e.g.,
experts.expert_i.weight). This produces a co-

herent parameter layout expected by the patched
modules.

Architecture patching and checkpoint ex-
port. After composition, save_checkpoint()
copies the original modeling_<base>.py and
configuration_<base>.py files, renames them
for the new model_type, and updates imports/class
names via _replace_type_dependency. Targeted
edits then inject MoE logic: _replace_script
rewrites nn.Linear and Conv1D layers in
Attention and MLP, while _modify_decoder
and _modify_model adjust forward passes
to incorporate routing and (optionally) the
load-balancing loss. For router-based meth-
ods, MixtureKit replaces selected layers with
MoE-aware modules (convert_linear_to_moe)
implementing top-k selection; for stitch-based
methods, _patch_stitches introduces parallel
expert streams and inserts StitchLayers at depth
controlled by stitch_freq. Importantly, the
same composition/export pipeline is reused across
methods; only the forward computation and
parameter organization differ.

Extensibility. Adding a new variant requires im-
plementing a small adapter that (i) defines which
layers are converted or stitched, and (ii) registers
the corresponding patch rule. The new method then
automatically benefits from MixtureKit’s loading,
saving, and compatibility pipeline.

3.3 Visualization and Interpretability
An important aspect of MixtureKit is the visu-
alization interface, which provides real-time rout-
ing information for routing-based methods (Tradi-
tional, BTX). The tool is implemented as a Stream-
lit application and exposes both qualitative inspec-
tion and quantitative routing statistics.

Routing mechanism. Let h(ℓ,p)t ∈ Rd denote
token t’s hidden state at block ℓ and projection
p ∈ {gate, up, down}. Each projection has a gating
matrix W (ℓ,p) ∈ Rd×E producing expert logits:

g
(ℓ,p)
t,e = h

(ℓ,p)
t W (ℓ,p), e ∈ {1, . . . , E}.

The router selects the top-k experts

S
(ℓ,p)
t = TopK

(
g
(ℓ,p)
t , k

)
,

and assigns normalized weights via softmax over
the selected set

w
(ℓ,p)
t,e =

exp(g
(ℓ,p)
t,e )

∑
j∈S(ℓ,p)

t
exp(g

(ℓ,p)
t,j )

, e ∈ S
(ℓ,p)
t .
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English translation: My mom told me not to forget to buy the stuff from the supermarket.
Input Sentence: mama 2aletly يرتشت شاسنت ام el-7aga  قوسلا نم 

Expert 1Expert 0Token
80.0%20.0%mama0
90.0%10.0%2aletly1
2شاسنت ام5.0%95.0%
3يرتشت8.0%92.0%
90.0%10.0%el-7aga4
5نم3.0%97.0%
6قوسلا5.0%95.0%

🎯 Top-1 Expert Routing (Token-Level View)
mama 2aletly شاسنت اميرتشت el-7aga نمقوسلا

Legend:

Expert 0: Arabic Expert

Expert 1: Latin Expert

A- High-level Visualization

📊 Average Expert Weights Across All Layers (Per Token)
B- Low-level Visualization/ Statistics

Figure 3: MixtureKit Token-Routing Visualizer: (A) high-level color-coded token assignments (dominant expert),
and (B) average expert weights across selected layers for each token.

In BTX, each projection has its own router; in Tra-
ditional MoE, a single router is shared across pro-
jections in the block.

To provide an interpretable summary, Mix-
tureKit aggregates normalized weights across
depth. For token t, the aggregated contribution
of expert e is

wt,e =
1

|Lt|
∑

(ℓ,p)∈Lt

w
(ℓ,p)
t,e ,

Lt = {(ℓ, p) : t at block ℓ, proj. p}.
(1)

Figure 3 shows (A) dominant expert assignments
based on argmaxewt,e and (B) the full wt,e dis-
tribution. The interface can also restrict aggrega-
tion to specific blocks or projections to study how
routing evolves with depth. In practice, this helps
diagnose under-utilization, detect routing collapse
(one expert dominating), and analyze specializa-
tion behavior in multilingual and code-switched
settings.

4 Practical Example: Sript-specialized
experts

Egyptian Arabic, commonly referred to as Masri,
is the most widely spoken Arabic dialect, with over
100 million native speakers in Egypt and broad
intelligibility across the Arab world. It differs sub-
stantially from Modern Standard Arabic (MSA)
in phonology, vocabulary, and grammar. A defin-
ing characteristic of Masri is its dual-script usage:
speakers frequently write in both Arabic script
and a Latin-based transliteration known as Ara-
bizi or Franco-Arabic (Elnagar et al., 2021). This
multi-script setting naturally motivates a modular
approach, where script-specialized experts—one
trained on Arabic-script data and another on Latin-
script data—are integrated into a unified MoE
model that dynamically routes tokens to the ap-
propriate expert.

To demonstrate MixtureKit in a realistic and
high-impact setting, we follow the experimental
design of Shang et al. (2025) and reproduce the
Nile-Chat setup. Starting from Gemma3-4B-pt, we
continually pre-train two replicas on Arabic-script
and Latin-script corpora to obtain script-specific
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Model
Average
Arabic

Average
Latin

Translation
Long (chrF)

Translation
Short (chrF)

Transliteration
(chrF)

Nile-Chat-4B-Arabic-Expert 53.21 44.63 58.81 52.70 26.21
Nile-Chat-4B-Latin-Expert 48.85 48.06 37.09 31.27 80.59

Nile-Chat-4B 53.01 49.07 58.40 52.01 80.44
Nile-Chat-2x4B-A6B 55.87 52.32 61.59 53.71 83.89
Nile-Chat-3x4B-A6B 55.74 51.23 61.90 55.37 83.97
Nile-Chat-12B 60.00 52.61 60.61 53.53 80.97

Table 1: Performance comparison of Arabic/Latin experts, Nile-Chat dense models (4B and 12B), and BTX-based
counterparts across Arabic, Latin, and generation benchmarks. The highest scores are shown in bold, and the
second-highest in underline.

experts. Using BTX, we compose these experts
together with the original base model, forming a
three-expert MoE where two experts are activated
per token (6B activated parameters), resulting in
Nile-Chat-3x4B-A6B. Incorporating the base check-
point as a third expert preserves general knowledge
and strengthens English capabilities beyond the
script-specialized components. For comparison,
we also construct Nile-Chat-2x4B-A6B, merging
only the two script experts.

Training proceeds in two stages. First, we apply
Supervised Fine-Tuning (SFT) with LoRA (alpha
512, learning rate 1e−4, effective batch size 256),
mixing in English instructions from Wild-Chat to
maintain the English-centric strengths of the base
expert. Second, we perform Direct Preference Op-
timization (DPO) for alignment.

Evaluation follows Shang et al. (2025), report-
ing averages over Egyptian benchmarks in both
scripts (accuracy/normalized accuracy) and genera-
tion benchmarks for translation and transliteration
(chrF). As shown in Table 1, both BTX variants
strike a balance between dense 4B and 12B base-
lines on Arabic-script discriminative tasks (53.01 <
55.87 < 60.0), remain competitive on Latin script
(52.32 ≈ 52.61), and outperform dense models
on generation-heavy translation and transliteration
tasks, highlighting the benefit of routing heteroge-
neous script expertise under sparse activation.

5 Conclusion

We introduced MixtureKit, an open-source frame-
work that lowers the barrier to building recy-
cled MoE models by composing existing pre-
trained and fine-tuned checkpoints into a unified
transformers-compatible model. MixtureKit sup-
ports multiple expert-integration strategies (Tradi-

tional, BTX, BTS), automates architecture patching
and checkpoint export, and includes a visualization
interface for interpreting token routing and diagnos-
ing imbalance. Through a script-specialized Egyp-
tian Arabic case study, we show that BTX models
built with MixtureKit reproduce and improve over
dense baselines on multiple benchmarks. Over-
all, MixtureKit provides a practical foundation for
MoE research and deployment across multilingual
and domain-specialized settings.

6 Future Work

MixtureKit currently relies on regex-based submod-
ule matching and the HuggingFace versioning of
configuration/modeling files; we aim to broaden
version coverage and make conversion rules more
robust. The exported configurations also do not
yet integrate recent inference optimizations such as
MoE kernels in vLLM1. Finally, while most work
assumes identical architectures across experts, an
interesting direction is cross-architecture composi-
tion.
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A Comparison with Existing Frameworks

To situate MixtureKit within the broader ecosys-
tem of model-merging and MoE-composition toolk-
its, Table 2 provides a detailed feature-level com-
parison against the two most closely related li-
braries: MergeKit (Goddard et al., 2025) and Mer-
goo (Leeroo AI, 2024). The comparison is orga-
nized along six dimensions: (i) the MoE integration
strategies each toolkit implements, (ii) the weight-
space merging algorithms available, (iii) coverage
of model architectures and HuggingFace check-
points, (iv) routing and training features, (v) the
end-user workflow, and (vi) interpretability tooling.
MergeKit excels as a general-purpose weight-space
merging library with a wide algorithmic catalog
(LERP, SLERP, TIES, DARE, Task Arithmetic,
passthrough), but its MoE export is restricted to
three predefined architectures (Mixtral, DeepSeek-
MoE, Qwen-MoE). Mergoo focuses on BTX-style
routing and Mixture-of-Adapters with LoRA ex-
perts, but supports only a small set of base families
(Llama, Mistral, Phi3, BERT). MixtureKit com-
plements both by automating architecture patching
for arbitrary (including custom-code) checkpoints,
supporting three complementary MoE strategies
(Traditional, BTX, BTS), and shipping an interac-
tive routing visualizer for interpretability.
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Dimension MergeKit Mergoo MixtureKit (Ours)

MoE Integration Strategies

Traditional block-level MoE (single router) ✓ ✗ ✓

BTX (Branch-Train-Mix, per-projection routing) ✗ ✓ ✓

BTS (Branch-Train-Stitch, intact experts + stitch layers) ✗ ✗ ✓

Mixture-of-Adapters (LoRA experts) ✗ ✓ ✗

Weight-Space Merging Methods

Linear / SLERP averaging ✓ ∼ ∼
Task Arithmetic / TIES / DARE ✓ ✗ ✗

Passthrough / depth up-scaling (FrankenMerging) ✓ ✗ ✗

Model / Architecture Coverage

Architecture-agnostic MoE export (beyond a fixed set) ✗† ✗‡ ✓

Supports arbitrary HuggingFace checkpoints for MoE export ✗ ✗ ✓

Supports custom-code (trust_remote_code) models for MoE export ✗ ✗ ✓

Automatic decoder / causal-LM class patching ✗ ∼ ✓

Unified transformers-compatible export ✓ ✓ ✓

Routing & Training Features

Top-k sparse routing ✓ ✓ ✓

Per-projection routers (gate / up / down) ✗ ✓ ✓

User-selectable router-layer indices ✗ ✓ ✓

Gate initialization heuristics (hidden / embed / random) ✓ ✗ ✗

Router-only or full fine-tuning ∼ ✓ ✓

Load-balancing loss (coefficient α) ✗ ∼§ ✓

Frozen hub + trainable stitch layers ✗ ✗ ✓

Configurable stitch insertion frequency ✗ ✗ ✓

User Workflow

Single-call build pipeline ∼ ✓ ✓

Declarative configuration (YAML / dict) ✓ ✓ ✓

Graphical user interface ✓ ✗ ✗

Lazy tensor loading / out-of-core merging ✓ ∼§ ✗

Extensible via adapter + patch-rule registration ∼ ✗ ✓

Interpretability

Token-routing visualization interface ✗ ✗ ✓

Per-layer / per-projection routing statistics ✗ ✗ ✓

Dead-expert / routing-collapse diagnosis ✗ ✗ ✓

Table 2: Comparison of MixtureKit with existing model-merging and MoE-composition toolkits. ✓ full support, ∼
partial / planned / indirect support, ✗ no support. † MergeKit’s mergekit-moe can only output Mixtral, DeepSeek-
MoE, or Qwen-MoE architectures, requiring input experts to share a common base family (Llama / Mistral /
Qwen2). ‡ Mergoo’s BTX-style MoE export only supports Llama, Mistral, Phi3, and BERT base families. § Router
load-balancing loss and lazy tensor loading appear on Mergoo’s public roadmap but are not yet implemented in
released versions. MergeKit’s strength is a broad catalog of weight-space merging algorithms (LERP, SLERP,
TIES, DARE, Task Arithmetic, passthrough); Mergoo’s contribution is BTX-style routing with LoRA-adapter
mixtures; MixtureKit complements both by automating architecture patching for arbitrary (including custom-code)
checkpoints, supporting three complementary MoE strategies (Traditional, BTX, BTS), and shipping an interactive
routing visualizer for interpretability.
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