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Abstract

Recent development in Large Language Models (LLMs)
and Multi-modal Large Language Models (MLLMs) have
achieved superior performance and generalization capabili-
ties, covered extensive areas of traditional tasks. However,
existing large model training frameworks support only a lim-
ited number of models and techniques, particularly lacking in
support for new models, which makes fine-tuning LL.Ms chal-
lenging for most developers. Therefore, we develop SWIFT,
a customizable one-stop infrastructure for large models. With
support of over 350+ LLMs and 80+ MLLMs, SWIFT stands
as the open-source framework that provide the most compre-
hensive support for fine-tuning large models. In particular, it
is the first training framework that provides systematic sup-
port for MLLMs. Moreover, SWIFT integrates post-training
processes such as inference, evaluation, and quantization, to
facilitate fast adoptions of large models in various application
scenarios, offering helpful utilities like benchmark compar-
isons among different training techniques.

Code — https://github.com/modelscope/ms-swift

Introduction

As the number of parameters and memory consumption
of large models continue to rise, researchers have pro-
posed numerous resource-efficient training techniques, such
as LoRA (Hu et al. 2021), rsLoRA (Kalajdzievski 2023),
DoRA (Liu et al. 2024b), and LLaMA-Pro (Wu et al. 2024).
Additionally, quantization stands as another solution for re-
ducing memory usage during training. Due to the vast dif-
ferences and poor adaptability to different models of these
techniques, efforts begin to emerge to unify these training
interfaces. As a notable example, Hugging Face' introduced
the PEFT?, aiming at standardizing interfaces for efficient
fine-tuning algorithms; and for quantization, it also devel-
oped the Optimum? library as a unified framework for vari-
ous quantization methods. However, fine-tuning large mod-
els still remains formidable for most developers, mainly be-
cause these aforementioned solutions support only a limited
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number of models and techniques, and especially lack sup-
port for new models. Furthermore, to effectively ensure the
model deployment, the post-training, such as inference and
evaluation, are also steps in utilization of large models.

To address these issues, we present SWIFT, an open-
source framework to facilitate lightweight training and post-
training of large models, with the following properties:

* Comprehensiveness. SWIFT supports the pre-training,
fine-tuning, and human alignment for 350+ LLM models
and 80+ MLLM models, including all major open-source
models and 160+ pure text and multi-modal datasets. Be-
sides Transformer-based models, other model structures
such as Mamba (Gu and Dao 2024) are also supported.

Flexible Usage. To enhance lightweight training, we im-
plement or plant several SOTA tuners in SWIFT, which
are designed to be used independent of our SWIFT train-
ing loop to allow more flexible usage.

Full-chain Capability. SWIFT also integrate numerous
post-training processes, including quantization, LoRA
merging, evaluation (140+ pure text and multi-modal
evaluation sets), as well as inference and deployment ca-
pabilities against most LLMs and MLLMs.

To our knowledge, SWIFT is the most comprehensive
training framework and end-to-end solution for large mod-
els so far, with the widest support for models and datasets
(especially for MLLMs) and the fullest-chain capabilities.

Related Works

As the most popular instance of versatile training frame-
works for large models, LLaMA-Factory (Zheng et al.
2024b) supports the training and human alignment of 100+
text LLMs. However, LLaMA-Factory support only a few
multi-modal models, including LLaVA (Liu et al. 2024a),
PaliGemma (Beyer et al. 2024), YI-VL (Al et al. 2024),
and Qwen2-VL (Yang et al. 2024), which presents a notable
limitation compared to SWIFT’s support for 80+ MLLMs.
The comparisons between other existing works, including
Fireﬁy4, FastChat (Zheng et al. 2024a), Axolotl’, and LM-
Flow (Diao et al. 2023), and SWIFT are given in Tab. 1.

“https://github.com/yangjianxin1/Firefly
Shttps://github.com/axolotl-ai-cloud/axolotl
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Table 1: The comparison of supported training capabilities.

Design and Implementations

In this section, we introduce the architecture design of our
SWIFT framework (shown in Fig. 1).

Models. The model module includes a basic model loader
that allows for flexible customization of model configura-
tions. The patcher module is used to address various compat-
ibility issues, ensuring smooth operation in different scenar-
ios like single-GPU, multi-GPU, full-parameter, or LoRA
training. The template module ensures that various models
can correctly convert the actual coordinate values of the data
into the coordinate values required by models.

Datasets. The dataset module can load data by three ways:
from ModelScope®, Hugging Face, and user-customized
datasets. It can also pre-process the input data, including
converting different datasets into a standard format.

Tuners. Tuners can incorporate various tuning techniques
in PEFT library to ensure compatibility and seamless op-
eration. Additionally, SWIFT supports a much wider range
of tuners than those in PEFT, including SCEdit (Jiang et al.
2023b), ResTuning (Jiang et al. 2023a), LLaMA-Pro (Wu
et al. 2024), LongLoRA (Chen et al. 2024), and LISA (Pan
et al. 2024). These tuners can be used in combination and
support offloading of deactivated tuners to CPU or meta de-
vices. This integration allows tuners to be applied to not only
models supported within SWIFT, but also external models.

Shttps://modelscope.cn and https://github.com/modelscope
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Figure 1: The framework of SWIFT.

Trainer. Trainer module includes both the SFT/PT trainer
and the human alignment trainer. The former is used for pre-
dicting and training the cross-entropy of the next token; and
the latter is used for training various RLHF algorithms. For
RLHF of multi-modal models, we made additional modifi-
cations and adaptations to ensure that all models can use any
compliant alignment dataset. For pre-training, SWIFT sup-
ports Megatron architecture models.

Post-training. The inference and deployment are built on
three backends: PyTorch Native (PT), vLLM, and LMDe-
ploy, sharing identical arguments. For evaluation, SWIFT
rely on the EvalScope’ framework from ModelScope Com-
munity, supporting 140+ text and multi-modal evaluation
sets, as well as custom evaluation datasets, covering most of
the popular evaluation datasets. Various quantization meth-
ods and exporting to Ollama are also supported.

CLI and Web UI. To facilitate the use of SWIFT in actual
production environments, we released SWIFT on PYPI and
supported various functionalities via the command line. The
highest-level interface is the web UI, where users can select
different training stages and adjust various training hyper-
parameters directly. After training starts, the UI will display
training logs and loss or accuracy charts. The inference and
deployment are also supported in web UI. This workflow is
applicable to both pure text models and multi-modal models.

Conclusion and Future Work

This paper presents SWIFT, the most comprehensive multi-
task training framework and end-to-end solution for large
models to date. To continually track the advancements in
large models, SWIFT is an ongoing project that is contin-
uously maintained and updated. SWIFT fosters unprece-
dented levels of scalability, efficiency, and adaptability,
thereby pushing the boundaries of large model development.

"https://github.com/modelscope/evalscope
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