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Finetune
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l Fine-tuning in LLMs refers to the process of taking a pre-trained model and further training it on a
more specific dataset

l Finetuning will adapt LLM to a particular task or domain. This allows the model to better understand
and generate relevant responses for the specific task than pretrained model

l Finetune is an important technique to help you utilize LLMs into your own private applications
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Finetune v.s. Prompt
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Fine-tuning适用于有
足够标注数据、需要
高性能定制的场景
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Finetune v.s. Prompt
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Prompting适用于
数据稀缺、需要快
速适应新任务
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Finetune v.s. RAG
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RAG适用于需要动态
检索外部知识、生成多
样化内容的场景，且对

实时性要求不高
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Finetune is essentially retraining the model with nice initialization
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Pretrain

initialization

[Image is from a Medium Blog]

https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b
https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b
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Finetune is essentially retraining the model with nice initializations

< 7 >

Finetune

initialization

[Image is from a Medium Blog]

https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b
https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b
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Finetuning LLM is very expensive
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l Computational Resources: Finetuning LLMs, especially the latest ones with billions of
parameters like GPT-3 or GPT-4, requires substantial computational power.

l Data Requirements: Finetuning an LLM effectively requires a significant amount of high-
quality, domain-specific data. Gathering, cleaning, and preparing this data can be labor-
intensive and costly.

l Expertise: The process of finetuning an LLM requires expertise. Hiring or consulting with
experts to handle the finetuning process adds to the overall cost.

l Maintenance and Experimentation: Iterative experimentation is often necessary to
achieve optimal performance. This means multiple rounds of training, evaluation, and
tweaking, each consuming additional resources
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Model Fine-tuning
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Wx y=Wx

Pre-trained model Task-specific data

Task-specific fine-tuning

W’x y=W’x

Fine-tuned model

• Model fine-tuning helps to adapt the model to specific downstream tasks.
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Why do we need parameter-efficient fine-tuning?
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• Full fine-tuning requires the same memory consumption as pre-training.

• Parameters: 7B  

• Model storage: 7B * 2 Bytes = 14 GB  

• Gradient storage: 14 GB  

• Optimizer states: 28 GB   (using Adam)  

• Activation storage: 2 GB  [Zhao et. al., 2024]

• In total: 58 GB
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• Generally, models are pre-trained with lots of GPUs, which may not be easily accessible.
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Why do we need parameter-efficient fine-tuning?
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• For different downstream tasks / model versions, it is also expensive to store a full-size 
checkpoint for each fine-tuned model.

General
7GB

Reasoning
7GB

Writing
7GB

Creative
7GB

Reasoning
V2 7GB 

Writing
V2 7GB

Creative
V2 7GB

…   …   …   …   …   …
Pre-trained model

Fine-tuned models

Too much 
memory!
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Parameter-efficient adapters

General
7GB

Pre-trained model

+

Reasoning
70MB

Creative
70MB

Writing
70MB =

Fine-tuned model 
adapters

• Applying task-specific adapters, we can obtain task-specific models.

Reasoning
7GB

Writing
7GB

Creative
7GB

Fine-tuned models
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BitFit: Bias-terms Fine-tuning

• BitFit only fine-tunes the bias terms across all model layers.

Attention Projection:

Frozen Trainable

Multi-head Attention:

Elad Ben Zaken, Shauli Ravfogel, and Yoav Goldberg. Bitfit: Simple parameter-efficient 
fine-tuning for transformer-based masked language-models, 2021.



Center of Machine Learning Research < 14 >

BitFit: Bias-terms Fine-tuning

• BitFit only fine-tunes the bias terms across all model layers.

Frozen Trainable

Dropout Layer 1:

Layer Normalization 1:

GELU Activation:

Dropout Layer 2:

Layer Normalization 2:
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Adapter-H: Houlsby Architecture

• Adapter-H inserts additional layers in each transformer layer.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin de Laroussilhe, Andrea Gesmundo, Mona Attariyan, and Sylvain Gelly. Parameter-
Efficient Transfer Learning for NLP. arXiv:1902.00751 [cs, stat], June 2019. URL http://arxiv.org/abs/1902. 00751.

❄

❄

❄

🔥

🔥

🔥

🔥

🔥: Trainable

❄ : Frozen
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LoRA: Low-Rank Adaptation of LLMs
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Finetuning LLM with low-rank adaptation
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l Full Parameter Fine-tuning:

<latexit sha1_base64="0fwbzKiH+eYoCfg5jClA+bFO0YI="></latexit>

min
W2Rp⇥q

E⇠⇠D[F (W ; ⇠)]

l Finetuning with low-rank adaptation:

<latexit sha1_base64="Pz4+yaFTplNhk9QddYNXGSakFw4="></latexit>

min
A2Rp⇥r,B2Rr⇥q

E⇠⇠D[F (W +AB; ⇠)]

New knowledge and expertise are imposed through low rank matrices A and B 
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Finetuning LLM with low-rank adaptation
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l Finetuning with low-rank adaptation:
<latexit sha1_base64="Pz4+yaFTplNhk9QddYNXGSakFw4="></latexit>

min
A2Rp⇥r,B2Rr⇥q

E⇠⇠D[F (W +AB; ⇠)]

Only A and B are to be trained, while W is fixed  

<latexit sha1_base64="dDnU0TXjy2YAdUHleDEOnlf5It4="></latexit>

W 0 = W +�W = W +AB

<latexit sha1_base64="UOVI5TP81iQlCQtWvWfLiACnkMc="></latexit>

W 0x = (W +AB)x = Wx+ABx
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Full parameter fine-tuning：Memory cost
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ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

<latexit sha1_base64="u6XSmhg8VT00nHWcCXEweN5i/As=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVqV6EohePFeyHtEvJptk2NMkuSVYsS3+FFw+KePXnePPfmG73oK0PBh7vzTAzL4g508Z1v53Cyura+kZxs7S1vbO7V94/aOkoUYQ2ScQj1QmwppxJ2jTMcNqJFcUi4LQdjG9mfvuRKs0ieW8mMfUFHkoWMoKNlR5G6Aq1+x566pcrbtXNgJaJl5MK5Gj0y1+9QUQSQaUhHGvd9dzY+ClWhhFOp6VeommMyRgPaddSiQXVfpodPEUnVhmgMFK2pEGZ+nsixULriQhsp8BmpBe9mfif101MeOmnTMaJoZLMF4UJRyZCs+/RgClKDJ9Ygoli9lZERlhhYmxGJRuCt/jyMmmdVb1atXZ3Xqlf53EU4QiO4RQ8uIA63EIDmkBAwDO8wpujnBfn3fmYtxacfOYQ/sD5/AEER49D</latexit>

h = W1x

<latexit sha1_base64="SJ5+VL98k4pLi4o07KKNDjLRsEs=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSLUS9kVqV6EohePFewHtEvJptk2NMmuSbZQl/4OLx4U8eqP8ea/MW33oK0PBh7vzTAzL4g508Z1v52V1bX1jc3cVn57Z3dvv3Bw2NBRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5O/eaIKs0i+WDGMfUF7ksWMoKNlfwndI06mvUFLg3OuoWiW3ZnQMvEy0gRMtS6ha9OLyKJoNIQjrVue25s/BQrwwink3wn0TTGZIj7tG2pxIJqP50dPUGnVumhMFK2pEEz9fdEioXWYxHYToHNQC96U/E/r52Y8MpPmYwTQyWZLwoTjkyEpgmgHlOUGD62BBPF7K2IDLDCxNic8jYEb/HlZdI4L3uVcuX+oli9yeLIwTGcQAk8uIQq3EEN6kDgEZ7hFd6ckfPivDsf89YVJ5s5gj9wPn8ARDKRJA==</latexit>

z = �(h)

<latexit sha1_base64="R1QKkSlxEmAYmicVcSIaOK4brz8=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoZbEInkpSpHoRil48VrAf0Iaw2W7bpZtN2N0Iaegv8eJBEa/+FG/+G7dtDtr6YODx3gwz84KYM6Ud59sqbGxube8Ud0t7+weHZfvouK2iRBLaIhGPZDfAinImaEszzWk3lhSHAaedYHI39ztPVCoWiUedxtQL8UiwISNYG8m3y/0x1lk6Qzeo49fQ1LcrTtVZAK0TNycVyNH07a/+ICJJSIUmHCvVc51YexmWmhFOZ6V+omiMyQSPaM9QgUOqvGxx+AydG2WAhpE0JTRaqL8nMhwqlYaB6QyxHqtVby7+5/USPbz2MibiRFNBlouGCUc6QvMU0IBJSjRPDcFEMnMrImMsMdEmq5IJwV19eZ20a1W3Xq0/XFYat3kcRTiFM7gAF66gAffQhBYQSOAZXuHNmlov1rv1sWwtWPnMCfyB9fkDecKSVQ==</latexit>

ŷ = W2z

<latexit sha1_base64="24RfBUpJn80y8DnmSlVvXvzSTtU=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRC9C0IsHDxHMA5I1zE5mkyGzD2Z6lbDkP7x4UMSr/+LNv3GS7EETCxqKqm66u7xYCo22/W0tLa+srq3nNvKbW9s7u4W9/YaOEsV4nUUyUi2Pai5FyOsoUPJWrDgNPMmb3vB64jcfudIiCu9xFHM3oP1Q+IJRNNKDTy7JbakzoJiOxifdQtEu21OQReJkpAgZat3CV6cXsSTgITJJtW47doxuShUKJvk430k0jykb0j5vGxrSgGs3nV49JsdG6RE/UqZCJFP190RKA61HgWc6A4oDPe9NxP+8doL+hZuKME6Qh2y2yE8kwYhMIiA9oThDOTKEMiXMrYQNqKIMTVB5E4Iz//IiaZyWnUq5cndWrF5lceTgEI6gBA6cQxVuoAZ1YKDgGV7hzXqyXqx362PWumRlMwfwB9bnDw/MkZs=</latexit>

f = L(ŷ)

Forward

<latexit sha1_base64="kzT/zRK458pMrb/LXe3zLR3JrBc="></latexit>

@f

@W2
=

@L

@ŷ
zT ,

@f

@z
= W2

@L

@ŷ

Backward

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

<latexit sha1_base64="QvEx33AUtAWynQU5HkPm7OILUcw=">AAACLHicfVDNS8MwHE3n15xfVY9egkPwNFqR6UUY7uJxwr5gnSXN0i0sTUuSiqP0D/LivyKIB4d49e8w3QrqJj4IPN57vyS/50WMSmVZU6Owsrq2vlHcLG1t7+zumfsHbRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl443rmd+6JkDTkTTWJSD9AQ059ipHSkmvWHV8gnDgREooiBv30m3dcO4VX8J/EKIUPd03XLFsVawa4TOyclEGOhmu+OIMQxwHhCjMkZc+2ItVPsksxI2nJiSWJEB6jIelpylFAZD+ZLZvCE60MoB8KfbiCM/XnRIICKSeBp5MBUiO56GXiX14vVv5lP6E8ihXheP6QHzOoQpg1BwdUEKzYRBOEBdV/hXiEdDdK91vSJdiLKy+T9lnFrlaqt+fl2nVeRxEcgWNwCmxwAWrgBjRAC2DwCJ7BG5gaT8ar8W58zKMFI585BL9gfH4B/KOoqg==</latexit>

@f

@W1
=

@f

@h
xT

<latexit sha1_base64="E6kM0AraCXhCsEZJeHj4Cn0rxxs=">AAACIHicbZDLSsNAFIYnXmu9VV26GSxC3ZREpHUjFN24cFHBXqAp5WQ6aYdOJmFmIpSQR3Hjq7hxoYju9GmctgG19YeBj/+cw5nzexFnStv2p7W0vLK6tp7byG9ube/sFvb2myqMJaENEvJQtj1QlDNBG5ppTtuRpBB4nLa80dWk3rqnUrFQ3OlxRLsBDATzGQFtrF6h6voSSOJGIDUDjv30h90h6GScpvgCuwI8DvimlHknvULRLttT4UVwMiiiTPVe4cPthyQOqNCEg1Idx450N5msIpymeTdWNAIyggHtGBQQUNVNpgem+Ng4feyH0jyh8dT9PZFAoNQ48ExnAHqo5msT879aJ9b+eTdhIoo1FWS2yI851iGepIX7TFKi+dgAEMnMXzEZgklMm0zzJgRn/uRFaJ6WnUq5cntWrF1mceTQITpCJeSgKqqha1RHDUTQA3pCL+jVerSerTfrfda6ZGUzB+iPrK9vR5SjpA==</latexit>

@f

@ŷ
= rL(ŷ)

Store h, z and !𝒚 Store 𝛁𝐖𝟏𝐟(𝐖𝟏) and 𝛁𝐖𝟐𝐟(𝐖𝟐) 

T
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LoRA: Memory cost

ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

Forward

Store h, z and !𝒚

h = 𝑊! + 𝐴!𝐵! 𝑥

𝑧 = 𝜎 ℎ

+𝑦 = (𝑊"+𝐴"𝐵")𝑧

𝑓 = 𝐿(+𝑦)

𝜕𝑓
𝜕 +𝑦 = ∇𝐿(+𝑦)

𝜕𝑓
𝜕𝑧 = 𝑊" + 𝐴"𝐵" # 𝜕𝑓

𝜕 +𝑦

𝜕𝑓
𝜕𝐴"

=
𝜕𝑓
𝜕 +𝑦 𝐵"𝑧 #

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

𝜕𝑓
𝜕𝐵"

= 𝐴"#
𝜕𝑓
𝜕 +𝑦 𝑧 #

𝜕𝑓
𝜕𝐴!

=
𝜕𝑓
𝜕ℎ 𝐵!𝑥 #

𝜕𝑓
𝜕𝐵!

= 𝐴!#
𝜕𝑓
𝜕ℎ 𝑥 #

Store 𝛁$𝟏𝐟, 𝛁𝑩𝟏𝐟 and 𝛁𝑨𝟐𝐟, 𝛁𝑩𝟐𝐟



Center of Machine Learning Research

How much memory can LoRA save?

< 21 >

l Memory cost: 

Memory cost = Models + Grads + Optimizers + Activations

l LoRA does not save activation-incurred memory; does not apply to scenarios where
activation-incurred memory dominates, e.g., long-context transformers 

l LoRA saves models/grads/optimizers from O(p*q) to O((p+q)*r)

l LoRA can save great memory when rank r is small, and activation-incurred memory is trivial
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Full parameter fine-tuning：Computational cost

< 22 >

ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

<latexit sha1_base64="u6XSmhg8VT00nHWcCXEweN5i/As=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVqV6EohePFeyHtEvJptk2NMkuSVYsS3+FFw+KePXnePPfmG73oK0PBh7vzTAzL4g508Z1v53Cyura+kZxs7S1vbO7V94/aOkoUYQ2ScQj1QmwppxJ2jTMcNqJFcUi4LQdjG9mfvuRKs0ieW8mMfUFHkoWMoKNlR5G6Aq1+x566pcrbtXNgJaJl5MK5Gj0y1+9QUQSQaUhHGvd9dzY+ClWhhFOp6VeommMyRgPaddSiQXVfpodPEUnVhmgMFK2pEGZ+nsixULriQhsp8BmpBe9mfif101MeOmnTMaJoZLMF4UJRyZCs+/RgClKDJ9Ygoli9lZERlhhYmxGJRuCt/jyMmmdVb1atXZ3Xqlf53EU4QiO4RQ8uIA63EIDmkBAwDO8wpujnBfn3fmYtxacfOYQ/sD5/AEER49D</latexit>

h = W1x

<latexit sha1_base64="SJ5+VL98k4pLi4o07KKNDjLRsEs=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSLUS9kVqV6EohePFewHtEvJptk2NMmuSbZQl/4OLx4U8eqP8ea/MW33oK0PBh7vzTAzL4g508Z1v52V1bX1jc3cVn57Z3dvv3Bw2NBRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5O/eaIKs0i+WDGMfUF7ksWMoKNlfwndI06mvUFLg3OuoWiW3ZnQMvEy0gRMtS6ha9OLyKJoNIQjrVue25s/BQrwwink3wn0TTGZIj7tG2pxIJqP50dPUGnVumhMFK2pEEz9fdEioXWYxHYToHNQC96U/E/r52Y8MpPmYwTQyWZLwoTjkyEpgmgHlOUGD62BBPF7K2IDLDCxNic8jYEb/HlZdI4L3uVcuX+oli9yeLIwTGcQAk8uIQq3EEN6kDgEZ7hFd6ckfPivDsf89YVJ5s5gj9wPn8ARDKRJA==</latexit>

z = �(h)

<latexit sha1_base64="R1QKkSlxEmAYmicVcSIaOK4brz8=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoZbEInkpSpHoRil48VrAf0Iaw2W7bpZtN2N0Iaegv8eJBEa/+FG/+G7dtDtr6YODx3gwz84KYM6Ud59sqbGxube8Ud0t7+weHZfvouK2iRBLaIhGPZDfAinImaEszzWk3lhSHAaedYHI39ztPVCoWiUedxtQL8UiwISNYG8m3y/0x1lk6Qzeo49fQ1LcrTtVZAK0TNycVyNH07a/+ICJJSIUmHCvVc51YexmWmhFOZ6V+omiMyQSPaM9QgUOqvGxx+AydG2WAhpE0JTRaqL8nMhwqlYaB6QyxHqtVby7+5/USPbz2MibiRFNBlouGCUc6QvMU0IBJSjRPDcFEMnMrImMsMdEmq5IJwV19eZ20a1W3Xq0/XFYat3kcRTiFM7gAF66gAffQhBYQSOAZXuHNmlov1rv1sWwtWPnMCfyB9fkDecKSVQ==</latexit>

ŷ = W2z

<latexit sha1_base64="24RfBUpJn80y8DnmSlVvXvzSTtU=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRC9C0IsHDxHMA5I1zE5mkyGzD2Z6lbDkP7x4UMSr/+LNv3GS7EETCxqKqm66u7xYCo22/W0tLa+srq3nNvKbW9s7u4W9/YaOEsV4nUUyUi2Pai5FyOsoUPJWrDgNPMmb3vB64jcfudIiCu9xFHM3oP1Q+IJRNNKDTy7JbakzoJiOxifdQtEu21OQReJkpAgZat3CV6cXsSTgITJJtW47doxuShUKJvk430k0jykb0j5vGxrSgGs3nV49JsdG6RE/UqZCJFP190RKA61HgWc6A4oDPe9NxP+8doL+hZuKME6Qh2y2yE8kwYhMIiA9oThDOTKEMiXMrYQNqKIMTVB5E4Iz//IiaZyWnUq5cndWrF5lceTgEI6gBA6cQxVuoAZ1YKDgGV7hzXqyXqx362PWumRlMwfwB9bnDw/MkZs=</latexit>

f = L(ŷ)

Forward

<latexit sha1_base64="kzT/zRK458pMrb/LXe3zLR3JrBc="></latexit>

@f

@W2
=

@L

@ŷ
zT ,

@f

@z
= W2

@L

@ŷ

Backward

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

<latexit sha1_base64="QvEx33AUtAWynQU5HkPm7OILUcw=">AAACLHicfVDNS8MwHE3n15xfVY9egkPwNFqR6UUY7uJxwr5gnSXN0i0sTUuSiqP0D/LivyKIB4d49e8w3QrqJj4IPN57vyS/50WMSmVZU6Owsrq2vlHcLG1t7+zumfsHbRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl443rmd+6JkDTkTTWJSD9AQ059ipHSkmvWHV8gnDgREooiBv30m3dcO4VX8J/EKIUPd03XLFsVawa4TOyclEGOhmu+OIMQxwHhCjMkZc+2ItVPsksxI2nJiSWJEB6jIelpylFAZD+ZLZvCE60MoB8KfbiCM/XnRIICKSeBp5MBUiO56GXiX14vVv5lP6E8ihXheP6QHzOoQpg1BwdUEKzYRBOEBdV/hXiEdDdK91vSJdiLKy+T9lnFrlaqt+fl2nVeRxEcgWNwCmxwAWrgBjRAC2DwCJ7BG5gaT8ar8W58zKMFI585BL9gfH4B/KOoqg==</latexit>

@f

@W1
=

@f

@h
xT

<latexit sha1_base64="E6kM0AraCXhCsEZJeHj4Cn0rxxs=">AAACIHicbZDLSsNAFIYnXmu9VV26GSxC3ZREpHUjFN24cFHBXqAp5WQ6aYdOJmFmIpSQR3Hjq7hxoYju9GmctgG19YeBj/+cw5nzexFnStv2p7W0vLK6tp7byG9ube/sFvb2myqMJaENEvJQtj1QlDNBG5ppTtuRpBB4nLa80dWk3rqnUrFQ3OlxRLsBDATzGQFtrF6h6voSSOJGIDUDjv30h90h6GScpvgCuwI8DvimlHknvULRLttT4UVwMiiiTPVe4cPthyQOqNCEg1Idx450N5msIpymeTdWNAIyggHtGBQQUNVNpgem+Ng4feyH0jyh8dT9PZFAoNQ48ExnAHqo5msT879aJ9b+eTdhIoo1FWS2yI851iGepIX7TFKi+dgAEMnMXzEZgklMm0zzJgRn/uRFaJ6WnUq5cntWrF1mceTQITpCJeSgKqqha1RHDUTQA3pCL+jVerSerTfrfda6ZGUzB+iPrK9vR5SjpA==</latexit>

@f

@ŷ
= rL(ŷ)

pd+qp

T

pd+2pq
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LoRA：Computational cost

< 23 >

ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

Forward

h = 𝑊! + 𝐴!𝐵! 𝑥

𝑧 = 𝜎 ℎ

+𝑦 = (𝑊"+𝐴"𝐵")𝑧

𝑓 = 𝐿(+𝑦)

𝜕𝑓
𝜕 +𝑦 = ∇𝐿(+𝑦)

𝜕𝑓
𝜕𝑧 = 𝑊" + 𝐴"𝐵" # 𝜕𝑓

𝜕 +𝑦

𝜕𝑓
𝜕𝐴"

=
𝜕𝑓
𝜕 +𝑦 𝐵"𝑧 #

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

𝜕𝑓
𝜕𝐵"

= 𝐴"#
𝜕𝑓
𝜕 +𝑦 𝑧 #

𝜕𝑓
𝜕𝐴!

=
𝜕𝑓
𝜕ℎ 𝐵!𝑥 #

𝜕𝑓
𝜕𝐵!

= 𝐴!#
𝜕𝑓
𝜕ℎ 𝑥 #

pd+qp+dr+pr+pr+qr
Does not save computations significantly!

3(pr+qr) + 2(pr+dr) + pq
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Results

< 24 >
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LoRA+

< 25 >

l Since one of the matrices A or B will be initialized to 0, it will be very slow for it to update 

l We should use different learning rates for A and B; LoRA+

[LoRA+: Efficient Low Rank Adaptation of Large Models]



Center of Machine Learning Research

LoRA+

< 26 >

l We should use different learning rates for A and B; LoRA+

[LoRA+: Efficient Low Rank Adaptation of Large Models]
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 27 >

l A matrix can be decomposed into the magnitude and the direction 

l The magnitude and directional variations between and can be defined as follows:
<latexit sha1_base64="bXr4nSbN3QKGbvEvgT5GfWdCTmo="></latexit>

W0
<latexit sha1_base64="scyU1iMHAcK65zSpR2Cf+bVbEcY="></latexit>

WFT
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 28 >

l Similarly, the magnitude and directional variations between and are: 
<latexit sha1_base64="bXr4nSbN3QKGbvEvgT5GfWdCTmo="></latexit>

W0

<latexit sha1_base64="tfU2kRkxxgwtS8DroeUUuNvhf2Y="></latexit>

LoRA

<latexit sha1_base64="tfU2kRkxxgwtS8DroeUUuNvhf2Y="></latexit>

LoRA
<latexit sha1_base64="tfU2kRkxxgwtS8DroeUUuNvhf2Y="></latexit>

LoRA

<latexit sha1_base64="tfU2kRkxxgwtS8DroeUUuNvhf2Y="></latexit>

LoRA

<latexit sha1_base64="/7Ua8b50uQRiZnqhKDzzNUiR4UA="></latexit>

WLoRA
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 29 >

l This reflects the difference between LoRA and FT

Slight-negatively proportional Positively proportional
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 30 >

l DoRA: train the magnitudes and directions separately
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 31 >

l DoRA is consistent with FT

Slight-negatively proportional Negatively proportional
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Weight-Decomposed Low-Rank Adaptation (DoRA)

< 32 >
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LISA: Layer-wise finetuning

< 33 >

l LoRA does not update the whole model. Instead, it only update a low-rank incremental model

<latexit sha1_base64="Pz4+yaFTplNhk9QddYNXGSakFw4="></latexit>

min
A2Rp⇥r,B2Rr⇥q

E⇠⇠D[F (W +AB; ⇠)]

l Can we update the full parameters in a memory-efficient manner? This can significantly increase
the learnable parameters, which is expected to lead to superior performance 

l Main idea: Layer-wise finetuning 
<latexit sha1_base64="3MjSZrPdqSJj3Zrs0pAJGhkElpU="></latexit>

min
W

E⇠⇠D[F (W ; ⇠)] = E⇠⇠D[F (W1,W2, · · · ,WL; ⇠)]

where . When update , the other layers remain freeze 
<latexit sha1_base64="P44T6ukqSHQlFER4K8OhcMmChUY="></latexit>

W := {W1,W2, · · · ,WL}
<latexit sha1_base64="5R279Wg9chS89oyI69iz8ky0wTE="></latexit>

W`

[LISA: Layerwise Importance Sampling for Memory-Efficient Large Language Model Fine-Tuning]
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LISA: Layer-wise finetuning

< 34 >
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Block-wise training

< 35 >

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

Update the first block
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Block-wise training

< 36 >

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

Update the second block
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Block-wise training

< 37 >

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

Update the third block
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Block-wise training

< 38 >

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

Update the forth block
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Memory cost

< 39 >Y. Chen, et. al., Enhancing Zeroth-Order Fine-tuning for Language Models with Low-Rank Structures, 2024

Memory = Model + Gradient + Optimizer states + Activations

<latexit sha1_base64="GSPD1PRqdow6c3WTFpZi02vsLmk="></latexit>

Gt = rF (Xt; ⇠t)
<latexit sha1_base64="wGZoRzTpuVT/PiqpR1pIKoUN2KQ="></latexit>

M t = (1� �1)M t�1 + �1Gt

<latexit sha1_base64="1fnIgVqaC58z/nD3cp8JMl/G/sU="></latexit>

V t = (1� �2)V t�1 + �2Gt �Gt
<latexit sha1_base64="FEXkkbxsBEbfjvnREcfnS32d3N8="></latexit>

Xt+1 = Xt �
�p

V t + ✏
�M t

P

2P

P

P/L

2P/L

P

Block-wise training can save gradients and optimization states significantly 

Original Block-wise
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Memory cost

< 40 >

• Block-wise training can also save activations, but depends on which block has been activated

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

All activations can be saved
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Memory cost

< 41 >

• Block-wise training can also save activations, but depends on which block has been activated

Transformer 
Block 1

Transformer 
Block 2

Transformer 
Block 3

Transformer 
Block 4

input Loss

🔥

Most activations cannot be saved because
we need to compute the gradient of the activations
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Example: 2-layer MLP

< 42 >

ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

<latexit sha1_base64="u6XSmhg8VT00nHWcCXEweN5i/As=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVqV6EohePFeyHtEvJptk2NMkuSVYsS3+FFw+KePXnePPfmG73oK0PBh7vzTAzL4g508Z1v53Cyura+kZxs7S1vbO7V94/aOkoUYQ2ScQj1QmwppxJ2jTMcNqJFcUi4LQdjG9mfvuRKs0ieW8mMfUFHkoWMoKNlR5G6Aq1+x566pcrbtXNgJaJl5MK5Gj0y1+9QUQSQaUhHGvd9dzY+ClWhhFOp6VeommMyRgPaddSiQXVfpodPEUnVhmgMFK2pEGZ+nsixULriQhsp8BmpBe9mfif101MeOmnTMaJoZLMF4UJRyZCs+/RgClKDJ9Ygoli9lZERlhhYmxGJRuCt/jyMmmdVb1atXZ3Xqlf53EU4QiO4RQ8uIA63EIDmkBAwDO8wpujnBfn3fmYtxacfOYQ/sD5/AEER49D</latexit>

h = W1x

<latexit sha1_base64="SJ5+VL98k4pLi4o07KKNDjLRsEs=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSLUS9kVqV6EohePFewHtEvJptk2NMmuSbZQl/4OLx4U8eqP8ea/MW33oK0PBh7vzTAzL4g508Z1v52V1bX1jc3cVn57Z3dvv3Bw2NBRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5O/eaIKs0i+WDGMfUF7ksWMoKNlfwndI06mvUFLg3OuoWiW3ZnQMvEy0gRMtS6ha9OLyKJoNIQjrVue25s/BQrwwink3wn0TTGZIj7tG2pxIJqP50dPUGnVumhMFK2pEEz9fdEioXWYxHYToHNQC96U/E/r52Y8MpPmYwTQyWZLwoTjkyEpgmgHlOUGD62BBPF7K2IDLDCxNic8jYEb/HlZdI4L3uVcuX+oli9yeLIwTGcQAk8uIQq3EEN6kDgEZ7hFd6ckfPivDsf89YVJ5s5gj9wPn8ARDKRJA==</latexit>

z = �(h)

<latexit sha1_base64="R1QKkSlxEmAYmicVcSIaOK4brz8=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoZbEInkpSpHoRil48VrAf0Iaw2W7bpZtN2N0Iaegv8eJBEa/+FG/+G7dtDtr6YODx3gwz84KYM6Ud59sqbGxube8Ud0t7+weHZfvouK2iRBLaIhGPZDfAinImaEszzWk3lhSHAaedYHI39ztPVCoWiUedxtQL8UiwISNYG8m3y/0x1lk6Qzeo49fQ1LcrTtVZAK0TNycVyNH07a/+ICJJSIUmHCvVc51YexmWmhFOZ6V+omiMyQSPaM9QgUOqvGxx+AydG2WAhpE0JTRaqL8nMhwqlYaB6QyxHqtVby7+5/USPbz2MibiRFNBlouGCUc6QvMU0IBJSjRPDcFEMnMrImMsMdEmq5IJwV19eZ20a1W3Xq0/XFYat3kcRTiFM7gAF66gAffQhBYQSOAZXuHNmlov1rv1sWwtWPnMCfyB9fkDecKSVQ==</latexit>

ŷ = W2z

<latexit sha1_base64="24RfBUpJn80y8DnmSlVvXvzSTtU=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRC9C0IsHDxHMA5I1zE5mkyGzD2Z6lbDkP7x4UMSr/+LNv3GS7EETCxqKqm66u7xYCo22/W0tLa+srq3nNvKbW9s7u4W9/YaOEsV4nUUyUi2Pai5FyOsoUPJWrDgNPMmb3vB64jcfudIiCu9xFHM3oP1Q+IJRNNKDTy7JbakzoJiOxifdQtEu21OQReJkpAgZat3CV6cXsSTgITJJtW47doxuShUKJvk430k0jykb0j5vGxrSgGs3nV49JsdG6RE/UqZCJFP190RKA61HgWc6A4oDPe9NxP+8doL+hZuKME6Qh2y2yE8kwYhMIiA9oThDOTKEMiXMrYQNqKIMTVB5E4Iz//IiaZyWnUq5cndWrF5lceTgEI6gBA6cQxVuoAZ1YKDgGV7hzXqyXqx362PWumRlMwfwB9bnDw/MkZs=</latexit>

f = L(ŷ)

Forward

<latexit sha1_base64="kzT/zRK458pMrb/LXe3zLR3JrBc="></latexit>

@f

@W2
=

@L

@ŷ
zT ,

@f

@z
= W2

@L

@ŷ

Backward

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

<latexit sha1_base64="QvEx33AUtAWynQU5HkPm7OILUcw=">AAACLHicfVDNS8MwHE3n15xfVY9egkPwNFqR6UUY7uJxwr5gnSXN0i0sTUuSiqP0D/LivyKIB4d49e8w3QrqJj4IPN57vyS/50WMSmVZU6Owsrq2vlHcLG1t7+zumfsHbRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl443rmd+6JkDTkTTWJSD9AQ059ipHSkmvWHV8gnDgREooiBv30m3dcO4VX8J/EKIUPd03XLFsVawa4TOyclEGOhmu+OIMQxwHhCjMkZc+2ItVPsksxI2nJiSWJEB6jIelpylFAZD+ZLZvCE60MoB8KfbiCM/XnRIICKSeBp5MBUiO56GXiX14vVv5lP6E8ihXheP6QHzOoQpg1BwdUEKzYRBOEBdV/hXiEdDdK91vSJdiLKy+T9lnFrlaqt+fl2nVeRxEcgWNwCmxwAWrgBjRAC2DwCJ7BG5gaT8ar8W58zKMFI585BL9gfH4B/KOoqg==</latexit>

@f

@W1
=

@f

@h
xT

<latexit sha1_base64="E6kM0AraCXhCsEZJeHj4Cn0rxxs=">AAACIHicbZDLSsNAFIYnXmu9VV26GSxC3ZREpHUjFN24cFHBXqAp5WQ6aYdOJmFmIpSQR3Hjq7hxoYju9GmctgG19YeBj/+cw5nzexFnStv2p7W0vLK6tp7byG9ube/sFvb2myqMJaENEvJQtj1QlDNBG5ppTtuRpBB4nLa80dWk3rqnUrFQ3OlxRLsBDATzGQFtrF6h6voSSOJGIDUDjv30h90h6GScpvgCuwI8DvimlHknvULRLttT4UVwMiiiTPVe4cPthyQOqNCEg1Idx450N5msIpymeTdWNAIyggHtGBQQUNVNpgem+Ng4feyH0jyh8dT9PZFAoNQ48ExnAHqo5msT879aJ9b+eTdhIoo1FWS2yI851iGepIX7TFKi+dgAEMnMXzEZgklMm0zzJgRn/uRFaJ6WnUq5cntWrF1mceTQITpCJeSgKqqha1RHDUTQA3pCL+jVerSerTfrfda6ZGUzB+iPrK9vR5SjpA==</latexit>

@f

@ŷ
= rL(ŷ)

Store h, z and !𝒚 Store 𝛁𝐖𝟏𝐟(𝐖𝟏) and 𝛁𝐖𝟐𝐟(𝐖𝟐) 

T
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ddims: (p,d) p (q,p) q

<latexit sha1_base64="vtUhjvouiS6k76ttA9H6+OxdfEI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOnLjQc=</latexit>x
<latexit sha1_base64="gVQNoDK8MFPSGU0t24Jt5aSrsAE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bpZhN2J0II/RFePCji1d/jzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT27nffeTaiFg9YJZwP6JjJULBKFqpO5hQzLPZsFpz6+4C5C/xClKDAq1h9XMwilkacYVMUmP6npugn1ONgkk+qwxSwxPKpnTM+5YqGnHj54tzZ+TMKiMSxtqWQrJQf07kNDImiwLbGVGcmFVvLv7n9VMMr/1cqCRFrthyUZhKgjGZ/05GQnOGMrOEMi3srYRNqKYMbUIVG4K3+vJf0rmoe4164/6y1rwp4ijDCZzCOXhwBU24gxa0gcEUnuAFXp3EeXbenPdla8kpZo7hF5yPb7VTj9U=</latexit>

ŷ

<latexit sha1_base64="dIZh1B2QGcQFkPgkNxngWdgErhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O57/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHc7Y2K</latexit>

W1
<latexit sha1_base64="a8e43YwHxqn9PreEsd4bJY2HVWA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkmR6rHoxWNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/PbT6g0j+WjmSToR3QoecgZNVZ6aPer/VLZrbhzkFXi5aQMORr90ldvELM0QmmYoFp3PTcxfkaV4UzgtNhLNSaUjekQu5ZKGqH2s/mpU3JulQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtO0YbgLb+8SlrViler1O4vy/WbPI4CnMIZXIAHV1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AHecY2L</latexit>

W2

<latexit sha1_base64="wXhCmHtWtxz2cbPcMNN2XBoaUsE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvttF262YTdjVBjf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXJoJr47rfzsrq2vrGZmGruL2zu7dfOjhs6DhVDH0Wi1i1QqpRcIm+4UZgK1FIo1BgMxzdTP3mAyrNY3lvxgkGER1I3ueMGiv5Q/JEHrulsltxZyDLxMtJGXLUu6WvTi9maYTSMEG1bntuYoKMKsOZwEmxk2pMKBvRAbYtlTRCHWSzYyfk1Co90o+VLWnITP09kdFI63EU2s6ImqFe9Kbif147Nf2rIOMySQ1KNl/UTwUxMZl+TnpcITNibAllittbCRtSRZmx+RRtCN7iy8ukcV7xqpXq3UW5dp3HUYBjOIEz8OASanALdfCBAYdneIU3RzovzrvzMW9dcfKZI/gD5/MHPkSOVQ==</latexit>

h|z

<latexit sha1_base64="u6XSmhg8VT00nHWcCXEweN5i/As=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVqV6EohePFeyHtEvJptk2NMkuSVYsS3+FFw+KePXnePPfmG73oK0PBh7vzTAzL4g508Z1v53Cyura+kZxs7S1vbO7V94/aOkoUYQ2ScQj1QmwppxJ2jTMcNqJFcUi4LQdjG9mfvuRKs0ieW8mMfUFHkoWMoKNlR5G6Aq1+x566pcrbtXNgJaJl5MK5Gj0y1+9QUQSQaUhHGvd9dzY+ClWhhFOp6VeommMyRgPaddSiQXVfpodPEUnVhmgMFK2pEGZ+nsixULriQhsp8BmpBe9mfif101MeOmnTMaJoZLMF4UJRyZCs+/RgClKDJ9Ygoli9lZERlhhYmxGJRuCt/jyMmmdVb1atXZ3Xqlf53EU4QiO4RQ8uIA63EIDmkBAwDO8wpujnBfn3fmYtxacfOYQ/sD5/AEER49D</latexit>

h = W1x

<latexit sha1_base64="SJ5+VL98k4pLi4o07KKNDjLRsEs=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSLUS9kVqV6EohePFewHtEvJptk2NMmuSbZQl/4OLx4U8eqP8ea/MW33oK0PBh7vzTAzL4g508Z1v52V1bX1jc3cVn57Z3dvv3Bw2NBRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5O/eaIKs0i+WDGMfUF7ksWMoKNlfwndI06mvUFLg3OuoWiW3ZnQMvEy0gRMtS6ha9OLyKJoNIQjrVue25s/BQrwwink3wn0TTGZIj7tG2pxIJqP50dPUGnVumhMFK2pEEz9fdEioXWYxHYToHNQC96U/E/r52Y8MpPmYwTQyWZLwoTjkyEpgmgHlOUGD62BBPF7K2IDLDCxNic8jYEb/HlZdI4L3uVcuX+oli9yeLIwTGcQAk8uIQq3EEN6kDgEZ7hFd6ckfPivDsf89YVJ5s5gj9wPn8ARDKRJA==</latexit>

z = �(h)

<latexit sha1_base64="R1QKkSlxEmAYmicVcSIaOK4brz8=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoZbEInkpSpHoRil48VrAf0Iaw2W7bpZtN2N0Iaegv8eJBEa/+FG/+G7dtDtr6YODx3gwz84KYM6Ud59sqbGxube8Ud0t7+weHZfvouK2iRBLaIhGPZDfAinImaEszzWk3lhSHAaedYHI39ztPVCoWiUedxtQL8UiwISNYG8m3y/0x1lk6Qzeo49fQ1LcrTtVZAK0TNycVyNH07a/+ICJJSIUmHCvVc51YexmWmhFOZ6V+omiMyQSPaM9QgUOqvGxx+AydG2WAhpE0JTRaqL8nMhwqlYaB6QyxHqtVby7+5/USPbz2MibiRFNBlouGCUc6QvMU0IBJSjRPDcFEMnMrImMsMdEmq5IJwV19eZ20a1W3Xq0/XFYat3kcRTiFM7gAF66gAffQhBYQSOAZXuHNmlov1rv1sWwtWPnMCfyB9fkDecKSVQ==</latexit>

ŷ = W2z

<latexit sha1_base64="24RfBUpJn80y8DnmSlVvXvzSTtU=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRC9C0IsHDxHMA5I1zE5mkyGzD2Z6lbDkP7x4UMSr/+LNv3GS7EETCxqKqm66u7xYCo22/W0tLa+srq3nNvKbW9s7u4W9/YaOEsV4nUUyUi2Pai5FyOsoUPJWrDgNPMmb3vB64jcfudIiCu9xFHM3oP1Q+IJRNNKDTy7JbakzoJiOxifdQtEu21OQReJkpAgZat3CV6cXsSTgITJJtW47doxuShUKJvk430k0jykb0j5vGxrSgGs3nV49JsdG6RE/UqZCJFP190RKA61HgWc6A4oDPe9NxP+8doL+hZuKME6Qh2y2yE8kwYhMIiA9oThDOTKEMiXMrYQNqKIMTVB5E4Iz//IiaZyWnUq5cndWrF5lceTgEI6gBA6cQxVuoAZ1YKDgGV7hzXqyXqx362PWumRlMwfwB9bnDw/MkZs=</latexit>

f = L(ŷ)

Forward

<latexit sha1_base64="kzT/zRK458pMrb/LXe3zLR3JrBc="></latexit>

@f

@W2
=

@L

@ŷ
zT ,

@f

@z
= W2

@L

@ŷ

Backward

<latexit sha1_base64="oi6tfTpseq6kMwiXm88ZZgOKLC4=">AAACPnicfZBLSwMxFIUzPmt9jbp0EyyCbsqMSHUjFN24rOCo0CnlTpppg5lkSDJCHeaXufE3uHPpxoUibl2aqQWfeCHwcc693NwTpZxp43n3zsTk1PTMbGWuOr+wuLTsrqyeaZkpQgMiuVQXEWjKmaCBYYbTi1RRSCJOz6PLo9I/v6JKMylOzTClnQT6gsWMgLFS1w3CWAHJwxSUYcBxXHzyoMAH+B//usCh7EmDQwERBxxq1k8Abw22u27Nq3ujwr/BH0MNjavVde/CniRZQoUhHLRu+15qOnm5iHBaVMNM0xTIJfRp26KAhOpOPjq/wJtW6eFYKvuEwSP160QOidbDJLKdCZiB/umV4l9eOzPxfidnIs0MFeRjUZxxbCQus8Q9pigxfGgBiGL2r5gMwOZlbOJVG4L/8+TfcLZT9xv1xslurXk4jqOC1tEG2kI+2kNNdIxaKEAE3aAH9ISenVvn0XlxXj9aJ5zxzBr6Vs7bO1KRr7k=</latexit>

@f

@h
=

@f

@z
�r�(h)

<latexit sha1_base64="QvEx33AUtAWynQU5HkPm7OILUcw=">AAACLHicfVDNS8MwHE3n15xfVY9egkPwNFqR6UUY7uJxwr5gnSXN0i0sTUuSiqP0D/LivyKIB4d49e8w3QrqJj4IPN57vyS/50WMSmVZU6Owsrq2vlHcLG1t7+zumfsHbRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl443rmd+6JkDTkTTWJSD9AQ059ipHSkmvWHV8gnDgREooiBv30m3dcO4VX8J/EKIUPd03XLFsVawa4TOyclEGOhmu+OIMQxwHhCjMkZc+2ItVPsksxI2nJiSWJEB6jIelpylFAZD+ZLZvCE60MoB8KfbiCM/XnRIICKSeBp5MBUiO56GXiX14vVv5lP6E8ihXheP6QHzOoQpg1BwdUEKzYRBOEBdV/hXiEdDdK91vSJdiLKy+T9lnFrlaqt+fl2nVeRxEcgWNwCmxwAWrgBjRAC2DwCJ7BG5gaT8ar8W58zKMFI585BL9gfH4B/KOoqg==</latexit>

@f

@W1
=

@f

@h
xT

<latexit sha1_base64="E6kM0AraCXhCsEZJeHj4Cn0rxxs=">AAACIHicbZDLSsNAFIYnXmu9VV26GSxC3ZREpHUjFN24cFHBXqAp5WQ6aYdOJmFmIpSQR3Hjq7hxoYju9GmctgG19YeBj/+cw5nzexFnStv2p7W0vLK6tp7byG9ube/sFvb2myqMJaENEvJQtj1QlDNBG5ppTtuRpBB4nLa80dWk3rqnUrFQ3OlxRLsBDATzGQFtrF6h6voSSOJGIDUDjv30h90h6GScpvgCuwI8DvimlHknvULRLttT4UVwMiiiTPVe4cPthyQOqNCEg1Idx450N5msIpymeTdWNAIyggHtGBQQUNVNpgem+Ng4feyH0jyh8dT9PZFAoNQ48ExnAHqo5msT879aJ9b+eTdhIoo1FWS2yI851iGepIX7TFKi+dgAEMnMXzEZgklMm0zzJgRn/uRFaJ6WnUq5cntWrF1mceTQITpCJeSgKqqha1RHDUTQA3pCL+jVerSerTfrfda6ZGUzB+iPrK9vR5SjpA==</latexit>

@f

@ŷ
= rL(ŷ)

T

freeze

Store h and !𝒚 Store 𝛁𝐖𝟏𝐟(𝐖𝟏) Save activations

Activation h is still needed
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Store Q, K, V

Do not Store X

Store S, V

Do not store A，O
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LISA performance
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