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Overview of E�cient Fine-Tuning Methods
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Partial Fine-Tuning: LLaMA-Pro

LLaMA-Pro replicates identical blocks every M blocks.
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Adapter Fine-Tuning: LoRA

LoRA introduces a pair of trainable low-rank matrices and freezes pre-trained
weights.

Pretrained 
Weights

𝑊 ∈ ℝ𝑑×𝑑

x

h

𝐵 = 0

𝐴 = 𝒩(0, 𝜎2)

𝑑

𝑟

Yaowei Zheng (Beihang University) Introduction to LLaMA Factory Jul 8, 2024 4 / 38



Adapter Fine-Tuning: DoRA

DoRA breaks down pre-trained weights into magnitude and direction components
and updates directional components.
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Adapter Fine-Tuning: LoRA+

LoRA+ adopts di↵erent learning rates on low-rank matrices.
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Adapter Fine-Tuning: PiSSA

PiSSA initializes adapters with the principal components.
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Full Fine-Tuning: GaLore

GaLore projects gradients into lower-dimensional spaces.
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Advantages of LLaMA Factory

LLaMA Factory holds merits in the following three aspects:

E�ciency: By utilizing various optimization techniques, LLaMA Factory
o↵ers approximately 2⇥ speed-up and 60% memory saving in training.

User-friendliness: By providing an easy-to-use web UI, LLaMA Factory
enables training LLMs with just one click, without writing any code.

Scalability: By leveraging the DeepSpeed framework, LLaMA Factory
supports training a 180B model in a distributed environment.
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How Much E�ciency Can LLaMA Factory Achieve?

LLaMA Factory combines GaLore [1] and QLoRA [2] to reduce the memory cost
by 4 times for both full-parameter training and LoRA training.

Table: Minimum GPU requirements for training LLMs.

Vanilla AMP GaLore LoRA QLoRA

7B 120GB 16GB 16GB 4GB
13B 240GB 32GB 32GB 8GB
30B 600GB 64GB 64GB 16GB
70B 1200GB 160GB 160GB 24GB
8x7B 900GB 120GB 120GB 18GB
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LLaMA Factory Hierarchy
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Revisiting InstructGPT

InstructGPT [3] was trained with 3 di↵erent techniques:

Step 1: Make model to follow instructions via supervised fine-tuning (SFT).

Fine-tune GPT-3 using supervised learning with prompts and responses in a
sequence-to-sequence manner.

Step 2: Train a reward model with comparison data.

Rank the outputs from the fine-tuned GPT models and train a reward model
(RM) that assigns a scalar score to a given prompt-response pair.

Step 3: Align the model with human preference using reinforcement learning.

Use the reward model as a reward function to fine-tune the SFT model
using the proximal policy optimization (PPO) algorithm.

Yaowei Zheng (Beihang University) Introduction to LLaMA Factory Jul 8, 2024 12 / 38



(Continuous) Pre-Training

Assuming we have an auto-regressive language model (like GPT-3) which is
trained to predict a probability distribution of the i -th token given i � 1 tokens:

P(wi |w1,w2, . . . ,wi�1; ✓) (1)

(Continuous) pre-training follows the standard causal language modelling task,
which minimizes the following negative log-likelihood loss:

LCLM = �1

n

nX

i=1

logP(xi |x1, x2, . . . , xi�1; ✓) (2)

where (x1, x2, . . . , xn) is the input sequence containing n words.
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LLaMA Factory’s Implementation

Sequence packing [4] packs sequences together and removes padding to
e�ciently learn sequences in variable lengths.

Dataset streaming [5] let us work with a smaller chunk of data to allocate
more RAM to the model and avoid timeout errors in distributed training.
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Supervised Fine-Tuning

Supervised fine-tuning (SFT) adopts a sequence-to-sequence learning approach,
where only the loss of the response part is calculated.

LSFT = �1

n

nX

i=1

logP(yi |x1, x2, . . . , xm, y1, y2, . . . , yi�1; ✓) (3)

where (x1, x2, . . . , xm) is the prompt sequence containing m words and
(y1, y2, . . . , yn) is the response sequence containing n words.
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LLaMA Factory’s Implementation

For multi-turn dialog dataset, we compute the loss of the response part in each
round to e�ciently learn the multi-turn conversation data.

GPT Decoder

x11 x12 x13 y 1
1 y 1

2 y 1
3

y 1
1 y 1

2 y 1
3 eos

x21 x22 x23 y 2
1 y 2

2 y 2
3

y 2
1 y 2

2 y 2
3 eos

A chat template is applied to the input sequence to format the conversations.

[INST] Hello, how are you? [/INST] I’m doing great. How can I help you today? h/si
[INST] I’d like to show o↵ how chat template works! [/INST]
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LLaMA Factory’s Implementation

We also supports sequence packing in supervised fine-tuning for e�ciency.
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Reward Modelling

The reward model is trained on a dataset of comparisons between two model
outputs on the same input, using the pairwise ranking loss:

LRM = �
X

(x ,yc ,yr )

log (� (r✓(x , y
c)� r✓(x , y

r ))) (4)

where r✓(x , y) is the scalar output of the reward model for prompt x and
response y . Besides, y c is the preferred response out of the pair (y c , y r ).

Yaowei Zheng (Beihang University) Introduction to LLaMA Factory Jul 8, 2024 18 / 38



LLaMA Factory’s Implementation

We use the reward score on the eos token to compute the pairwise loss.

LRM = log (� (sc � s r )) (5)

GPT Decoder GPT Decoder

Value Head Value Head

x1 x2 x3 y c
1 y c

2 eos

sc

x1 x2 x3 y r
1 y r

2 eos

s r
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Reinforcement Learning from Human Feedback

The SFT model can be further optimized using the PPO algorithm [6].

Consider a bandit problem, the model is expected to generate a response to a
random prompt. The reward model assigns a score on the generated response.

PPO maximizes the score with a per-token KL penalty between the PPO model
and the SFT model, the objective function is:

J (�) = E
(x ,y)⇠D

⇡PPO

�

"
r✓(x , y)� � log

⇡PPO

� (y |x)
⇡SFT(y |x)

#
(6)

where ⇡PPO

� is the PPO model, ⇡SFT is the SFT model.
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LLaMA Factory’s Implementation

We propose a multi-adapter RLHF framework that reduces memory consumption
by 3 times by sharing the parameters of the backbone model.

backbone backbone backbone

adapter adapter

Reward Model PPO Model SFT Model

x1 x2 x3 y1 y2 y3

r

x1 x2 x3

y1 y2 y3

x1 x2 x3

ȳ1 ȳ2 ȳ3

We can apply scaling/normalization/clipping [7] to reward scores to improve the
stability of training.
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Direct Preference Optimization

The DPO algorithm [8] is an alternative to RLHF.

DPO aligns the model with human preferences without explicitly training a
reward model, the objective function is:

LDPO = � E
(x ,yc ,yr )⇠D


log �

✓
� log

⇡DPO(y c |x)
⇡SFT(y c |x) � � log

⇡DPO(y r |x)
⇡SFT(y r |x)

◆�
(7)

where r✓(x , y) = � log ⇡DPO(y |x)
⇡SFT(y |x) is the reward implicitly defined by the DPO

model ⇡DPO and the SFT (reference) model ⇡SFT.
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LLaMA Factory’s Implementation

Inspired by PPO-ptx [3], we propose mixing the fine-tuning gradients into the

DPO training, dubbed DPO-ftx, to mitigate the catastrophic forgetting.

A factor � is added to control the ratio of fine-tuning gradients, the final loss

function can be formulated as:

LDPO�ftx(x , y
c , y r ) = LDPO(x , y

c , y r ) + �LSFT(x , y
c) (8)
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Function Calling
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Figure: Enabling LLMs to interact with external tools by templating their output (e.g.,
using a JSON schema). [9]
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LLaMA Factory’s Implementation

Table: Chat template for aligning LLM with function calling.

System: You are a helpful Assistant.
You have access to the following tools:
i Tool Name: get current weather
Tool Description: Get the current weather in a given location
Tool Args:
- location (string, required): The city and state, e.g. San Francisco, CA
- unit (string): The unit, should be one of [celsius, fahrenheit]

Use the following format to answer the question:
“‘
Action: the action to take, should be one of [get current weather] if using a tool.
Action Input: the input to the action, in a JSON format representing the kwargs (e.g. “‘{”input”: ”hello world”, ”num beams”: 5}“‘).
“‘

Human: What is the weather like in Boston?

Assistant: Action: ”get current weather”\n Action Input: ”{ \”location\”: \”Boston, MA\”}”

Observation: ”{\”temperature\”: 22, \”unit\”: \”celsius\”, \”description\”: \”Sunny\”}”

Assistant: The weather in Boston is currently sunny with a temperature of 22 degrees Celsius.
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Flash Attention: Fast and Memory-E�cient Attention

Compared to PyTorch attention, Flash Attention achieves 2 ⇠ 3⇥ speed-up and
linear memory usage with respect to sequence length.
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Model Quantization

Through LLM.int8 [10] or GPTQ [11] quantization, we could train LLMs in 4 bits
with Low-Rank Adapters (LoRA).
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RoPE Scaling: Extend the Context Length of LLMs

Positional interpolation [12] or NTK-aware RoPE scaling extends the context
length of pre-trained models.

Normal

Pre-trained range

Pre-trained range

Unseen Range

Position Interpolation
f’(x, m) = f(x, m/2)

Extrapolation
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E�cient LoRA Implementation

Recall the LoRA forward pass Z = WX + BAX and the chain rule, we have the
derivative of A.

dA = XT
(m,d) ⇥ dZ(m,h) ⇥ BT

(h,r) (9)

where m is sequence length, r is the LoRA rank, h is the MLP intermediate size
and d is the attention dimension.

In PyTorch’s autograd, it will compute (XT
(m,d) ⇥ dZ(m,h))⇥ BT

(h,r), where

XT
(m,d) ⇥ dZ(m,h) takes m ⇥ d ⇥ h FLOPs and (XT

(m,d) ⇥ dZ(m,h))⇥ BT
(h,r) takes

h ⇥ r ⇥ d FLOPs, totally (h ⇥ d)(m + r) FLOPs.
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E�cient LoRA Implementation

In LLaMA Factory, we compute XT
(m,d) ⇥ (dZ(m,h) ⇥ BT

(h,r)), where dZ(m,h) ⇥ BT
(h,r)

takes h ⇥m ⇥ r FLOPs and XT
(m,d) ⇥ (dZ(m,h) ⇥ BT

(h,r)) takes m ⇥ d ⇥ r FLOPs,

totally (h + d)(m ⇥ r) FLOPs.

Assuming that m = 2048, r = 16. In LLaMA 7B, h = 11008, d = 4096. We find
our implementation getting a speed-up ratio

(m ⇥ r)(h + d)

(m + r)(h ⇥ d)
⇡ 0.5% (10)

Consequently, we reduce the number of FLOPs to 0.5% via manual backward,
achieving better LoRA e�ciency.
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Training Stability

[13] suggests computing attention scores with float32 softmax to avoid overflow.

softmax

✓
QiK>

ip
d

◆
= softmax

✓✓
QiK>

i

↵
p
d

�max

✓
QiK>

i

↵
p
d

◆◆
⇥ ↵

◆
(11)

= FP16

✓
softmax

✓
FP32

✓
QiK>

i

↵
p
d

◆
⇥ ↵

◆◆
(12)

Bfloat16 prevents from overflow in model training, but a bf16 model cannot
switch back to fp16 training.

train a fp16 model with bf16 ,
train a bf16 model with fp16 /

Yaowei Zheng (Beihang University) Introduction to LLaMA Factory Jul 8, 2024 31 / 38



The Future of LLaMA Factory

Improving alignment with o✏ine-to-online RL.

Implementing 3D parallelism (pipeline parallelism, tensor parallelism).

Code: https://github.com/hiyouga/LLaMA-Factory

Paper: https://arxiv.org/abs/2403.13372
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