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Scaling Laws for Large Language Models
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Scaling Laws for Large Language Models
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[OpenAI, Scaling Laws for Neural Language Models, 2020]

• Performance improves primarily with increases in data, parameters, and compute

• LLM performance is largely independent of specific architecture

• Loss scales as a power law with data, parameters, and compute

straight line on 
the log-log plot
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Scaling Laws as a Foundation of ChatGPT’s Success

< 6 >

• GPT-2 (2019) scaled far beyond BERT in parameters, yet underperformed in practice

• OpenAI exploited scaling laws to build 175B-param GPT-3, launching the large-model era

• Consensus: Large model + Large data + Large compute = High intelligence

GPT-2,1.5B parameters, 2019

Lose

GPT-3, 175B parameters, 2020

Win!
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Scaling Laws Drive Rapid Growth in Memory Demand for LLMs
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• As data size (D) and parameter count (P) increase, memory usage of large models grows rapidly

𝑙:layer

𝑠:sequence length

𝑏:batch size

ℎ:hidden dimension
Memory for model, gradients, and 
optimizer states：𝜃 𝑙ℎ! 	~𝜃(𝑃)

• Scales linearly with parameters

• more parameters, higher memory cost

Memory for activations: 
Ω 𝑏𝑠𝑙ℎ + 𝑏𝑙𝑠!𝑎 ~Ω(𝐷)

• Scales at least linearly with data size
• 𝐷 = 𝑏𝑠; more data, higher memory cost

Memory = Model + Gradient + Optimizer States + Activations

• In other words, improving large model performance comes at a significant memory cost
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Scaling Laws Drive Rapid Growth in Memory Demand for LLMs
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Growing demand for better 
LLM performance

Increasing parameters and data

Scaling law

Dramatic memory cost; Massive
clusters for distributed training

Memory grows

Training and inference costs 
rise sharply

Cost grows

LLaMA-3 on 20,000 GPUs cluster

AI computing clusters will scale to 1 million chips, 
and there are no physical laws preventing it

Jensen Huang: AI compute 
clusters will scale up to 1M chips

XAI built cluster with 100K GPUs

Key question: How to save memory?
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Scaling Laws Drive Rapid Growth in Memory Demand for LLMs
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Growing demand for better 
LLM performance

Approach 1: Design new architectures and explore 
novel scaling laws

Approach 2: Develop new hardware (e.g., SuperNodes) 
to reduce training and inference costs

Approach 3: Memory-efficient training methods driven 
by implicit structures inside models

Training and inference costs 
rise sharply

Cost scaling

Dramatic memory cost; Massive
clusters for distributed training

Increasing parameters and data

Power law

Memory scaling
Insight: As scale increases, LLMs contain significant structural redundancy

Conventional training wastes memory by ignoring implicit structure

Block-Diagonal Hessian Structure
(local/global decoupled compute & memory)

Low-Rank Gradients in LLMs
(low-rank subspace compute & memory))

Sparse FFN Activations
(sparse masking in compute & memory)
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Overview
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Goal: Exploit implicit structures for memory-efficient LLM training

Develop subspace projection training based on low-rank properties

save optimizer states (dense/MoE models)
Low-rank gradients (He-Yuan, ICML 2025; Chen-Yuan, 

ICML 2025;Chen-Yuan, ICLR 2025)

Sparse FFN layers Develop importance sampling–based training based on FFN sparsity
save activations (dense/MoE models) (Song-Yuan, ICML 2025; Zhu-Yuan, 

NeurIPS 2024;He-Yuan, ICML 2024;)

Cross-layer low-rank 
activations

Develop parameter-efficient training based on inter-layer low-rank structure
save model and gradients (dense/MoE models) (Kong-Yuan, 2025; Wu-Yuan, 2025)

Optimizer 
States

Activations

Model and 
Gradients
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Save Optimizer States via Low-Rank Gradient 

Y. He, P. Li, Y. Hu, C. Chen, K. Yuan, Subspace Optimization for Large Language Models with 
Convergence Guarantees, ICML 2025.

Y. Chen, Y. Zhang, Y. Liu, K. Yuan, Z. Wen, A Memory Efficient Randomized Subspace Optimization
Method for Training Large Language Models, ICML 2025



Center of Machine Learning Research

LLM pretraining is essentially solving stochastic optimization

< 12 >
pred. token real tokendata distribution

cross entropy

• The model weights in neural networks are a set of matrices 
<latexit sha1_base64="2NJojwe8jluWBIyoMp7NNC53a7A="></latexit>

X = {X`}L`=1

LLM cost function:

• Let              be the language model;                      is the predicted token 
<latexit sha1_base64="T5ncC1RXLbLODu5wfPPG2iLyMkA="></latexit>

h(X; ⇠)
<latexit sha1_base64="qFBrg929QbNUZSuZDsDRb0U1u9s="></latexit>

ŷ = h(X; ⇠)

<latexit sha1_base64="9pUI96SDlMxR3nERyWp5yT0I3Tg="></latexit>

X? = argmin
X

n
E⇠⇠D

⇥
L(h(X; ⇠), y)

⇤o

<latexit sha1_base64="FTU/UCJrU6rHEHg5X1z32Wiqp4c="></latexit>

X1
<latexit sha1_base64="8jFlGmYHt0OI6ngROOB+DCF2Ac0="></latexit>

X2
<latexit sha1_base64="LmrYdv6804n+Xe/VmdXdpy3kgh4="></latexit>

X3
<latexit sha1_base64="TYv0vWKcj/EXbftPncdfrPBCMz8="></latexit>· · ·
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LLM pretraining is essentially solving stochastic optimization
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• In other words, LLM pretraining is essentially solving a stochastic optimization problem 

• If we define                 and                                     ,  , the LLM problem becomes    
<latexit sha1_base64="tXQRVCQUTt2KLdaRD+CZuYmjgqo="></latexit>

⇠ = (⇠, y)
<latexit sha1_base64="7w9RL+i9LDWJjcDin+66Pcb6WeE="></latexit>

F (X; ⇠) = L(h(X; ⇠), y)

Stochastic optimization:
<latexit sha1_base64="Ve00W3NH/gLuq+xMYj36Q8Pm+uQ="></latexit>

X? = argmin
X

n
E⇠⇠D

⇥
F (X; ⇠)

⇤o

• Adam is the standard approach in LLM pretraining
<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

(stochastic gradient)

(first-order momentum)

(second-order momentum)

(adaptive SGD)

Optimizer states
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Memory cost to pre-train LLMs
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Memory = Model + Gradient + Optimizer states + Activations

• Given a model with P parameters, gradient will consume P parameters, and 
optimizer states will consume 2P parameters;  4P parameters in total.

<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

Optimizer states contribute 
significantly to memory usage
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Memory cost to pre-train LLMs
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Memory = Model + Gradient + Optimizer states + Activations

• Activations are auxiliary variables to facilitate the gradient calculations  

• The size of activations depends on sequence length and batch size  

Consider a linear neural network
<latexit sha1_base64="X19EUM9ouR5XF7eN0z04Q+87oIU="></latexit>

zi = Xizi�1, 8 i = 1, · · · , L
f = L(zi; y)

The gradient is derived as follows
<latexit sha1_base64="2Vjqp8T8MsTmntBXLk7QuU3UC58="></latexit>

@f

@Xi
=

@f

@zi
z>i�1

Need to store activations  <latexit sha1_base64="y+MEJEyBQ0JnqO2ntnIpeilR2Yw="></latexit>z1, z2, · · · , zL
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Minimum memory requirement: GPT-3

< 16 >

• Pretrain GPT-3 model (BF16) from scratch with a single batch size requires 

• Parameters: 175B  

• Model storage: 175B * 2 Bytes = 350 GB  

• Gradient storage: 350 GB  

• Optimizer states: 700 GB   (using Adam)  

• Activation storage: ~220 GB

• In total: 1620 GB

Activations
Model

GradientOptStates

350

350700

220

How to save optimizer states?
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GaLore: Gradient Low-Rank Projection
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• Observation: gradient in LLMs becomes low-rank during training [1] 

• Given a gradient matrix with dimensions 2048 by 2048, around top 10 eigenvalues dominate

remain low-rank across iterations remain low-rank across layers

Gradient
<latexit sha1_base64="kKx+iD3GGp+mvdPd0lDRCmMORsg="></latexit>

Gt

2048

20
48

• How to utilize the low-rank structure in gradients?

[1] Y. Chen, et. al., Enhancing Zeroth-Order Fine-tuning for Language Models with Low-Rank Structures, ICLR 2025
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GaLore: Gradient Low-Rank Projection Algorithm

< 18 >

• Main idea: Projecting gradient onto the low-rank subspace [1] 

• Given gradient                      and projection matrix                    , we project high-rank gradient 
into low-rank subspace: 

<latexit sha1_base64="MTl8nGfqOmgUVI2huRP+rqH4JUs="></latexit>

Gt 2 Rm⇥n
<latexit sha1_base64="cZm15ZHqRjR9Nc+jC/ZRVjYqtRA="></latexit>

Pt 2 Rm⇥r

<latexit sha1_base64="MTl8nGfqOmgUVI2huRP+rqH4JUs="></latexit>

Gt 2 Rm⇥n
<latexit sha1_base64="0q9X0C0C3dsmKHfnpndUIhIvXV8="></latexit>

P>
t Gt

<latexit sha1_base64="IUCfpkbZHoIOf5ARdG0wLKvJFeI="></latexit>

gt = P>
t Gt 2 Rr⇥n

Low-rank projection

<latexit sha1_base64="eOr+hSncRZuVNHkCQ66Mr2hkhL8="></latexit>

P>
t Gt

<latexit sha1_base64="NNOQpD9AB0QZyibCfLgI/OVAVyU="></latexit>

Gt

Low-rank subspace

• When subspace rank              , low-rank gradient      has much fewer parameters than<latexit sha1_base64="u046a/4PuaYEDI5rHtJQ9SzHB00="></latexit>

r ⌧ m
<latexit sha1_base64="cSluNg1QKv6Oekk9AESkFY7UJ+o="></latexit>gt

<latexit sha1_base64="kKx+iD3GGp+mvdPd0lDRCmMORsg="></latexit>

Gt

[1] J. Zhao, et. al., Galore: Memory-efficient LLM training by gradient low-rank projection, ICML 2024

• In practice，𝑚 is 10% ∼ 10&，𝑟 is 10' ∼ 10(；when gradient       has a low rank，   is a good 
gradient estimator

<latexit sha1_base64="kKx+iD3GGp+mvdPd0lDRCmMORsg="></latexit>

Gt
<latexit sha1_base64="cSluNg1QKv6Oekk9AESkFY7UJ+o="></latexit>gt
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GaLore: Gradient Low-Rank Projection
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• Low-rank optimizer states: 
<latexit sha1_base64="Y4IK9HBZNILgjNabAfw6QC/WTCI="></latexit>

gt = P>
t Gt

mt = (1� �1)mt�1 + �1gt

vt = (1� �2)vt�1 + �2gt � gt

�t =
�

p
vt + ✏

�mt

dims r x n

dims r x n

dims r x n

dims r x n

• Parameter updates: 
<latexit sha1_base64="WpSkq2IOhfDraPjzo7ygz0aRkRY="></latexit>

Xt+1 = Xt � P t�t dims m x n

• Memory cost: Model      , Gradient     , Projection     , OptStates           and activations <latexit sha1_base64="RH4bl9YXmVO5W8WVYQb4DnF2m9o="></latexit>

X
<latexit sha1_base64="wRx9WqDKm1mGWDV/lr8FEX+CDqI="></latexit>

G
<latexit sha1_base64="hymJtHkrTDLO77DBEN2Z/8zuu/k="></latexit>

P
<latexit sha1_base64="Uiy2FFrjHMOjpcQBWULLVYZ/Rxw="></latexit>m,v

trivial memory cost

Simplified as
<latexit sha1_base64="mTrVToZePdq6N55z5J3LeItv0kc="></latexit>

Xt+1 = Xt + P t⇢(P
>
t Gt)

J. Zhao, et. al., Galore: Memory-efficient LLM training by gradient low-rank projection, ICML 2024
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Updating optimizer states via low-rank projected gradients

< 20 >

• How to achieve the low-rank projection matrix?  Singular Value Decomposition! 

Select the dominant top-r columns

<latexit sha1_base64="Wvw0NowsjWUPgmZL6utAPAPoNkA="></latexit>

2 Rm⇥r

<latexit sha1_base64="NSlb3s8YcwkW565TpQhAub60L/U="></latexit>

P (t)

Yutong He,  Kun Yuan, et. al., Subspace Optimization for Large Language Models with Convergence Guarantees, ICML 2025

• Low-rank training: 
<latexit sha1_base64="3E+b4kEjigk7z/wV7JLiLaaQ4fs="></latexit>

Xt+1 = Xt + P t⇢(P
>
t Gt)
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Updating optimizer states via low-rank projected gradients

< 21 >

• It is computationally expensive to perform SVD in each iteration 

• Lazy-SVD: perform SVD every 𝜏 iterations；using the same projector otherwise [1]

<latexit sha1_base64="PUQDRW1RfU6FYKNVZwZjMyt4d+U="></latexit>(
P t  SVD(Gt) if t mod ⌧ = 0

P t  P t�1 otherwise

Low-rank training algorithm based on lazy-SVD (GaLore)

<latexit sha1_base64="3E+b4kEjigk7z/wV7JLiLaaQ4fs="></latexit>

Xt+1 = Xt + P t⇢(P
>
t Gt)

• Applying SVD every	𝜏	steps reduces the computation cost.

[1] J. Zhao, et. al., Galore: Memory-efficient LLM training by gradient low-rank projection, ICML 2024
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GaLore: Gradient Low-Rank Projection Algorithm
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Pretraining LLaMA on C4 dataset [1]

[1] J. Zhao, et. al., Galore: Memory-efficient LLM training by gradient low-rank projection, ICML 2024

GaLore achieves significant memory saving with under 0.5% performance loss

Does GaLore guarantee convergence to a local minimum or stationary point?
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GaLore does not always converge! SVD projection introduces issues

< 23 >

All gradient information is lost !

When gradient noise dominates the stochastic gradient, SVD captures noise-dominated subspace!
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Is noise-dominance a common case？Yes！

< 24 >

Noise dominates when 
approaching the local minimum

grad

noise

grad
noise

Gradient dominates 
during the initial stages
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Theoretical flaws of SVD projection: Counterexample construction

< 25 >

GaLore does NOT converge 
to desired solutions 

<latexit sha1_base64="qMvOdg+iNg23Q34CZPUPm8JvVx0="></latexit>

Theorem (Non-convergence of GaLore): There exists an objective func-
tion f : Rd ! R satisfying Assumptions 1 and 2, a stochastic gradient oracle
(F,D) satisfying Assumption 3, an initial point x(0) 2 Rd, and a constant ✏0 > 0
such that for any rank r` < min{m`, n`}, subspace changing frequency ⌧ , any
optimizer ⇢ that inputs a subspace gradient of shape r` ⇥ n` and outputs a
subspace update direction of the same shape, and for any t > 0, it holds that

krf(x(t))k22 � ✏0.

[1] Yutong He, Kun Yuan et al., Subspace Optimization for Large Language Models with Convergence 
Guarantees, ICML 2025
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GoLore: Subspace training based on random projection

< 26 >

• Gradient random Low-rank projection (GoLore) randomly projects the gradient via

<latexit sha1_base64="N0MLPK6H0Iwa++r8jOTwh/GhuWs="></latexit>

E[PP>G] = E[PP>] · E[G] =
r

m
rF (X)

The low-rank randomized projected gradient is an unbiased estimate of the true gradient
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GoLore’s theoretical convergence guarantee

< 27 >

• GoLore is guaranteed to converge at a rate of .

<latexit sha1_base64="L9+bdC7Fg9lX0OIN9x1dnVgIK+s="></latexit>

Theorem (Convergence rate of GoLore): Under Assumptions 1-3, for any
T � 2 + 128/(3�) + (128�)2/(9

p
�L�), GoLore using small-batch stochastic

gradients and MSGD with MP converges as

1

T

T�1X

t=0

E
h
krf(x(t))k22

i
= O

 
L�

�5/2T
+

s
L��2

�7/2T

!
,

where � = f(x(0))� infx f(x) and � := min`
r`

min{m`,n`} .

• Adam converges at , implying low-rank projection keeps the convergence order
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A hybrid strategy: random projection + SVD

< 28 >

• SVD projection is preferred in initial stages: effectively capture gradient information

• Random projection is preferred when approaching solutions: avoid losing gradient information

GoLore@x% = GaLore (first (100-x)% iters) + GoLore (last x% iters)
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Experimental results on fine-tuning
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Fine-tuning LLaMA2-7B on WinoGrande:Pre-train LLaM2-60M on C4
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Experimental results on fine-tuning

< 30 >

• Fine-tuning RoBERTa-Base on the GLUE benchmark:

• GoLore shows superior performance than GaLore in the above experiments.
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Experimental results on pretraining benchmark

< 31 >

PPL degrades 0.77% Optimizer states saved 70.7%

RSO/GoLore

[1] Yiming Chen, Kun Yuan et al., A Memory Efficient Randomized Subspace Optimization Method For Training Large Language Models, ICML 2025
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Summary

< 32 >

• LLM memory: parameters, gradients, optimizer states, activations

• LLM gradients exhibit significant low-rank structures

• Core idea: Use low-rank gradients to compute optimizer states, saving memory

• Random Stiefel manifold projection overcomes the bias in SVD projection

• Benefits: <1% performance loss, saves ~70% optimizer memory.

<latexit sha1_base64="MTl8nGfqOmgUVI2huRP+rqH4JUs="></latexit>

Gt 2 Rm⇥n
<latexit sha1_base64="0q9X0C0C3dsmKHfnpndUIhIvXV8="></latexit>

P>
t Gt

<latexit sha1_base64="IUCfpkbZHoIOf5ARdG0wLKvJFeI="></latexit>

gt = P>
t Gt 2 Rr⇥n

Gradient projection

<latexit sha1_base64="eOr+hSncRZuVNHkCQ66Mr2hkhL8="></latexit>

P>
t Gt

<latexit sha1_base64="NNOQpD9AB0QZyibCfLgI/OVAVyU="></latexit>

Gt

subspace



PART 02

T. Wu, Y. He, B. Wang and K. Yuan, Mixture-of-Channels: Exploiting Sparse FFNs for Efficient LLMs Pre-Training and Inference, 
arXiv:2511.09323, 2025

Save Activation via Sparse FFN 

arXiv:2511.09323
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LLM activation memory

< 34 >

Activations are auxiliary variables stored 
for gradient computation.

LLaMA-2’s memory (context-length 256)

Activation memory is proportional to 
batch size.

[1] T. Wu, Y. He, B. Wang and K. Yuan, Mixture-of-Channels: Exploiting Sparse 
FFNs for Efficient LLMs Pre-Training and Inference, arXiv:2511.09323, 2025

LLM Memory= Param. + Grad. + Opt. State + Activation
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LLM activation memory

< 35 >

When batch size is large, activation 
memory increases sharply and dominates

Activation memory saving is more critical 
in large-batch scenarios

This section explores how to save 
activation memory

LLM Memory= Param. + Grad. + Opt. State+ Activation
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Activation memory breakdown

< 36 >

Batch size: 𝑏 
Context length: 𝑠 
Hidden dimension: 𝑑 

Multi-Head Self-Attention (MHSA): for head 𝑖, requires:
<latexit sha1_base64="uHShSHkgUQSSAKWRzvHFGZCKQ40="></latexit>

Qi = XW i
Q 2 Rs⇥dh , Ki = XW i

K 2 Rs⇥dh , Vi = XW i
V 2 Rs⇥dh

<latexit sha1_base64="e5Uhf6VXgrthvvJ+IyNlORRmMpY="></latexit>

Ai = FlashAttention(Qi,Ki, Vi) 2 Rs⇥dh

<latexit sha1_base64="/ujrPNApKeJyvCmFR2BJyT7cAH4="></latexit>

A = [A1; · · · ;Ah] 2 Rs⇥d
, O = AWo 2 Rs⇥d

Storing 𝑄,𝐾, 𝑉, 𝐴, 𝑂(5𝑠𝑑)；𝟓𝒃𝒔𝒅 parameters in total for batch size 𝑏

SwiGLU FFN: requires computing
<latexit sha1_base64="TfzvC/V/GnT4xQzGVg40QiFpDUo="></latexit>

G = XWgate 2 Rs⇥dffn , U = XWup 2 Rs⇥dffn

<latexit sha1_base64="+/HumndE5ZZ+QzSBsFaqQ+HOWmc="></latexit>

S = SiLU(G) 2 Rs⇥dffn , Z = S � U 2 Rs⇥dffn , D = ZWdown 2 Rs⇥d.

Storing 𝐺, 𝑈, 𝑆, 𝑍, 𝐷 with 𝒃(𝒅 + 𝟒𝒅𝐟𝐟𝐧	)𝒔 parameters (where 𝑑,,-= .
%
𝑑)
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Activation memory breakdown

< 37 >

• Activation memory: FlashAttention (FA) + FFN + RMSNorm + Residual

Activation profiling

(18.54G)

FFN activations are
2.314 times of FA’s

Saving FFN activations is 
key to memory reduction

Tong Wu, Kun Yuan, et. al. Mixture-of-Channels: Exploiting Sparse FFNs for Efficient LLMs Pre-Training and Inference, arXiv:2511.09323, 2025

11.67/5 = 2.33
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SwiGLU

• SwiGLU is widely used in large-model FFNs, e.g., LLaMA-2/3, Qwen2.

<latexit sha1_base64="4RvQNJSuPYvyBOiBqw7Soqbo6FM="></latexit>

FFN. For each input X 2 Rs⇥d to the FFN module, we first
compute and store:

G = XWgate 2 Rs⇥dffn , U = XWup 2 Rs⇥dffn ,

whereWgate,Wup 2 Rd⇥dffn are the weights corresponding to the
gating and up-sampling branches in the SwiGLU activation.

S = SiLU(G) 2 Rs⇥dffn

Z = S � U 2 Rs⇥dffn

D = ZWdown 2 Rs⇥d,

where Wdown 2 Rdffn⇥d is the down-sampling weight.
𝑋

𝐷
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The structure of LLM’s FFN：SwiGLU

• When 𝑥 ≥ 0, SiLU produces strong activations；

• When 𝑥 < 0, SiLU suppresses the input signal；
>70% are negative or near 0 in each row

Tong Wu, Kun Yuan, et. al. Mixture-of-Channels: Exploiting Sparse FFNs for Efficient LLMs Pre-Training and Inference, arXiv:2511.09323, 2025
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The structure of LLM’s FFN：SwiGLU

~70% inputs of 
SiLU are below 0

~70% outputs of SiLU 
are suppressed，only 
the remaining 30% are 

activated
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New FFN structure based on sparsity: Mixture of Channels

<latexit sha1_base64="4RvQNJSuPYvyBOiBqw7Soqbo6FM="></latexit>

FFN. For each input X 2 Rs⇥d to the FFN module, we first
compute and store:

G = XWgate 2 Rs⇥dffn , U = XWup 2 Rs⇥dffn ,

whereWgate,Wup 2 Rd⇥dffn are the weights corresponding to the
gating and up-sampling branches in the SwiGLU activation.

S = SiLU(G) 2 Rs⇥dffn

Z = S � U 2 Rs⇥dffn

D = ZWdown 2 Rs⇥d,

where Wdown 2 Rdffn⇥d is the down-sampling weight.

Traditional FFN structure: SwiGLU

<latexit sha1_base64="KFzsNVHelvQ4P0tckiDvzpNufvQ="></latexit>

MoC. For each input X 2 Rs⇥d to the FFN module, we first
compute and store:

G = XWgate 2 Rs⇥dffn , U = XWup 2 Rs⇥dffn ,

whereWgate,Wup 2 Rd⇥dffn are the weights corresponding to the
gating and up-sampling branches in the SwiGLU activation.

S = SiLU(G), S0 = S �M,

Z 0 = S0 � U,

D = Z 0Wdown,

where Wdown is the down-sampling weight, and M is defined as

Mij =

(
1, if Gij is among the top-K largest values in row i of G,

0, otherwise.

New FFN structure based on sparsity: Mixture of Channels
Core idea：for every input token，
adaptively select Top-K channels

Since only part of the channels are activated, we call it a Mixture of Channels (MoC) model.
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Mixture of Channels (MoC) model

< 42 >

• Schematic of the MoC architecture (typically selecting the top 20% of channels).
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Efficient training of Mixture of Channels models

< 43 >

MoC’s forward pass

Sparse storage

MoC’s backward pass

• Store sparse activations 𝑍/ = 𝑍⊙𝑀, 𝑈/ = 𝑈⊙𝑀 and	𝑆/= 𝑆⊙𝑀 

• Since , ∇SiLU operates coordinate-wise, only 𝐺/ = 𝐺 ⊙𝑀 is stored
<latexit sha1_base64="ri2pFyM8MSA8pj4/4NBNd/ysLNk="></latexit>

rS0 = rS = U �M �rZ 0

• In contrast, traditional FFN architectures require storing dense matrices 𝑍, 𝑈, 𝑆, 𝐺
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Efficient training of Mixture of Channels models

< 44 >

MoC’s activation computation

• MoC only stores sparse activations • S and Z can be easily recomputed 
instead of being stored

• MoC saves ~68% activation memory
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MoC system-level operator optimization and memory savings

< 45 >

• Unstructured sparsity does not reduce computation, and top-K introduces extra overhead

• With optimization using RAFT and Triton, MoC
achieves FFN-equivalent computation time

• 2:8 structured sparse operators can achieve computational 
savings.

MoC does not introduce significant overall computational overhead

With only a 0.4% loss increase, 
end-to-end total memory is 

reduced by 24.6%
(all memory accounted for).

Pretrain LLaMA on C4
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Extending MoC to other LLM architectures

< 46 >

Compatibility of MoC with MoE architecture Compatibility of MoC with GQA architecture

Compatibility of MoC with Qwen architecture Compatibility of MoC with LLaMA-7B
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Summary

< 49 >

• In LLM memory, activations dominate; within activations, FFN
memory usage is dominant

• FFN: SiLU activation is sparse; most channels suppressed

• Leveraging SiLU sparsity, we design MoC to save memory and speed up inference

• Benefits: <1% performance loss, saves ~68% activation memory, ~25% total memory, >10%
faster inference.



PART 03

Save Model and Gradient via Cross-Layer Structure

Boao Kong, Junzhu Liang, Yuxi Liu, Renjia Deng, Kun Yuan, “CR-Net: Scaling Parameter-Efficient Training with 
Cross-Layer Low-Rank Structure”, arXiv:2509.18993, 2025
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Memory overhead in LLMs pre-training

< 51 >

Memory = Parameter + Gradient + Optimizer states + Activation

• Low-rank projection only saves the 
memory of Optimizer states

<latexit sha1_base64="eOr+hSncRZuVNHkCQ66Mr2hkhL8="></latexit>

P>
t Gt
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Gt

Low-rank 
subspace

<latexit sha1_base64="mTrVToZePdq6N55z5J3LeItv0kc="></latexit>

Xt+1 = Xt + P t⇢(P
>
t Gt)

• Sparse activation in MoC onlys saves the 
memory of Activation

• How to save the Parameter and Gradient？

• Parameter-efficient methods can save the memory of parameter, gradient, and optimizer states 
at the same time.

Parameter-efficient Methods!
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Bottleneck of LoRA in LLMs pre-training

< 52 >

• Although LoRA enables fine-tuning of LLMs with fewer parameters, it is not applicable in pre-training.

(loss function for pre-training)

(loss function for LoRA)

Update A, B

Fix X

• The pre-training PPL of LoRA increases significantly.

• Calls for an effective algorithm for pre-training.

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

min
W2Rp⇥q

E⇠⇠D[F (W ; ⇠)]

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

min
A2Rp⇥r,B2Rr⇥q

E⇠⇠D[F (W +AB; ⇠)]



Center of Machine Learning Research

Low-Rank Activation Residuals Between Adjacent Layers in LLMs

< 53 >

[1] Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, arXiv:2509.18993, 2025

• Parameters lack low-rank structure; low-rank approximation fails

Input ParameterActivation Low-rank parameter

<latexit sha1_base64="8BVbK2uZhEl3IhcjRZE5erMcJ1U="></latexit>

Qi = XWQ
i ⇡ XAQ

i B
Q
i

• Core idea: Compensate approximation error using previous layer‘s activations[1]

<latexit sha1_base64="28WR8m4XW0O/OLd13mdFAX95vvk="></latexit>

Qi = XWQ
i ⇡ Qi�1 +XAQ

i B
Q
i

Activation 
in layer 𝒍

Activation in 
layer 𝒍 − 𝟏

In other words, adjacent-layer activation residuals                    exhibit low-rank structure
<latexit sha1_base64="zASP00G4ep22CN0sCJ+cejSc/+U="></latexit>
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Low-Rank Activation Residuals Between Adjacent Layers in LLMs

< 54 >

Activation residuals between layers 
exhibit low-rank property

[1] Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, arXiv:2509.18993, 2025

After error compensation, recovery 
error is reduced by 9%~54%
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Low-Rank Activation Residuals Between Adjacent Layers in LLMs

< 55 >

• With the same rank, compensating with the previous layer's activations reduces the error by  
16%~56%

• Similar cross-layer low-rank structure in MoE architecture

[1] Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, arXiv:2509.18993, 2025
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Theories behind low-rank structure in cross-layer activations

< 56 >
Cross-layer low-rank structure introduces smaller error 

than direct low-rank approximation of activations.

• The (high cosine) similarity between adjacent layer activations makes their residuals low-rank

Low-Rank Approximation with 
Error Compensation

Direct Low-Rank 
Approximation
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Learnable scaling factors

< 57 >

• 𝛽0	and 𝛽1 balance information between previous and current layers

• We make 𝛽1 learnable to dynamically adjust the influence of historical activations and 
low-rank output

LLaMA-2 350M LLaMA-2 1B

<latexit sha1_base64="piBTfmAtwrAfDHE8WoE+fNhPJ18="></latexit>
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Cross-layer Low-Rank Residual Network (CR-Net)

< 58 >

• Full-rank parameters in 
the firsr transformer layer

Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, submitted to NeurIPS 2025

• For layer                      

Activation at position P
Learnable factor

<latexit sha1_base64="hWZFETW9gCIxKakQeXIaR1hAJAc="></latexit>
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Cross-layer Low-Rank Residual Network (CR-Net)

< 59 >Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, submitted to NeurIPS 2025

• Full-size pre-training

(m, n)

• Parameter-efficient pre-training

(m, r),  (r, n)

• Reduce parameter from 
𝑚𝑛 to 𝑟(𝑚 + 𝑛)

• Leading to a smaller 
model, gradient, and 
optimizer states

<latexit sha1_base64="hWZFETW9gCIxKakQeXIaR1hAJAc="></latexit>
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CR-Net：Experimental results

< 60 >

• CR-Net achieves lower loss with fewer parameters (~43.6% in LLaMA-2 1B)

• At equal memory, CR-Net achieves lower loss at larger scales

Pretrain LLaMA on C4
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The recomputation strategy of CR-Net

< 61 >

• CR-Net cannot directly save activation

Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, submitted to NeurIPS 2025

(s, m) x (m, n) = (s, n) : Lsn

(s, m) x (m, r) x (r, n) = (s, n): Lsn

CR-Net:

Vanilla:
<latexit sha1_base64="2heO1Jg1Uo3+c5Betl22bWrfw0w="></latexit>
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• CR-Net + recomputation：

Only need the memory of: sn + Lsr
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CR-Net：Memory saving

< 62 >

• Pre-trained on C4-en with LLaMA2-7B

• Rank: 1024 for CoLA-M, 896 for CR-Net

• CR-Net achieves 62% memory saving with better performance than baselines
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CR-Net：Computation saving

< 63 >

• CR-Net uses 38.5% of the FLOPs compared to the standard LLaMA-2 1B network.

• s：seq. length；h：hidden dimension；L：transformer layer；s=256，batch size=1

• Rank: 512 for other baselines, 448 for CR-Net (Ensures better validation perplexity of CR-Net.)

CR-Net:Vanilla: (smn)

(s, m) x (m, n) = (s, n) : smn (s, n) + (s, m) x (m, r) x (r, n) = sn + s(m+n)r

<latexit sha1_base64="2heO1Jg1Uo3+c5Betl22bWrfw0w="></latexit>
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CR-Net：Throughput

< 64 >

• CR-Net achieves 87% higher 
throughput than the standard model.

LLaMA-2 1B pre-training on 4 A100 GPUs

• Even including communication 
overhead, CR-Net outperforms all 
baselines, with ~66% higher 
throughput than the standard model. 
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Hybrid between Vanilla and CR-Net

< 65 >

• Pre-training LLaMA-2 1B with sequence length s=256

Store full activation 
every 8 layers

• Compared to standard LLaMA-2 1B (vanilla GCP): At matched memory cost, CR-Net 
achieves 67% faster computation. 

• Rank: 512 for other baselines, 448 for CR-Net (Ensures better validation perplexity of CR-Net)                                 

Store full activation 
every 32 layers
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CR-Net: Efficient in both memory and compute

< 66 >

• Memory and compute complexity across methods (LLaMA-2 1B/7B, BF16)

• In CR-Net, b = number of stored full activation layers (‡: b=4, ♯: b=1)

• CoLA-M rank follows the literature; CR-Net rank r is tuned for best validation perplexity
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CR-Net: Ablations

< 67 >

Comparsion with ResFormer and DenseFormer

R. Tian, et. al., ResFormer: Scaling ViTs with Multi-Resolution Training, CVPR 2023

Matteo Pagliardini, et. al., DenseFormer: Enhancing Information Flow in Transformers via Depth Weighted Averaging, NeurIPS 2024

Comparsion with different low-rank strategy
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Summary

< 68 >

• Parameter matrices are not low-rank; direct low-rank 
approximation leads to high error.

• Core Idea：Low-rank cross-layer residuals enable parameter-
efficient architecture

• Recomputation: Tailored recomputation cuts activation 
memory, reducing compute by 66.6% at equal memory

• Emprical performance： Co-optimizes memory and compute: better performance with 43.6%
fewer parameters (1B) and 38.5% less memory (7B)

Boao Kong, Kun Yuan et al. CR-Net: Scaling Parameter-Efficient Training with Cross-Layer Low-Rank Structure, submitted to NeurIPS 2025



PART 05

Summary and Future Work
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Summary 

• Low-rank gradients: Subspace training methods 
(>75% optimizer state memory reduction)

• Sparse activations: Importance sampling 
(>68% FFN activation memory reduction)

Model structure + Hardware–software co-design = Efficient training

• Cross-layer low-rank activations: Parameter-efficient methods 
(56% reduction in parameter & gradient memory)

Training and inference costs 
rise sharply

Dramatic memory increase; Ultra-
large clusters for joint training

Increasing parameters and data

Increasing demand for improved 
large model performance

Cost scaling

Memory scaling

Power law

Approach 1: Design new architectures and explore 
novel power-law principles

Approach 2: Develop new hardware (e.g., supernodes) 
to reduce training and inference costs

Approach 3: Memory-efficient training methods driven 
by model structure

Insight: As scale increases, LLMs contain significant structural redundancy
Conventional training wastes memory by ignoring implicit structure



Center of Machine Learning Research

Future Work I: More Implicit Structures to Explore

< 71 >

Beyond low-rank gradients and sparse/uniform activations, many hidden structures remain unexplored.

Local sparsity + Sink structures 
(reduce attention memory)

Parameter distribution patterns 
(improved mixed-precision strategies)

Redundancy in 3D parallel parameters  
(robust training)

Discovering more structures will enable even more efficient training methods.

Memory = Model + Gradient + Optimizer States + Activations
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Future Work II: Saving Comm/Comp using Implicit Structures

< 72 >

• In LLMs, compute and communication are as critical as memory.
• Similar to memory, structural properties enable reductions in communication and compute.

Low-rank gradients are projected into low-dimensional subspace for momentum updates；significant reducing communication.

rank ≈ 10

Project into a lower-
dimensional space

𝐺2 𝑔2
(m,n) (r,n)

Chuyan Chen, Kun Yuan, et. al., Greedy Low-Rank Gradient Compression for Distributed Learning with Convergence Guarantees, arXiv: 2507.08784, 2025

Low-dimensional 
variables use minimal 

communication

Low-dimensional 
variables use

minimal memory

Communication reduced 
by ~4×, ideal for 

heterogeneous networks

Significant throughput 
improvement
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Motivation: Current memory-efficient pretraining/fine-tuning methods do not reduce computation

Algorithm Design: Random matrix sampling; Avoiding full-matrix multiplication, only important rows & columns
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¶Matrix Sampling:

y = W x
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≈ W x

n×r r×b

mnb FLOPs rnb FLOPs

MLP sampling 90%, attention sampling 40%

Overall computation reduction: 38.57% 
Nearly lossless accuracy Nearly identical performance to LoRA/Adam

Future work: During pretraining, achieve  
>30% computation savings 
with minimal accuracy loss.

G Chen, Y He, Y Hu, K Yuan, B Yuan, CE-LoRA: Computation-Efficient LoRA Fine-Tuning for Language Models, arXiv 2502.01378, 2025

Future Work II: Saving Comm/Comp using Implicit Structures



Center of Machine Learning Research

Company Model MTBF Availability 100K-GPU 
Availability

ByteDance 175B 
LLM

100+ failures over 
8–15 hours ~90%

~60%
Meta Llama3.1 

405B
419 failures in 

~4 hours ~90%

Motivation: By 2025, clusters will scale to 100K 
GPUs, encompassing millions of devices. Single-
device failures can halt entire training jobs,
creating significant availability challenges.

R. Hu, K. Yuan, et. al., MeCeFO: Enhancing LLM Training Robustness via Fault-Tolerant Optimization, NeurIPS, 2025

Proposed Solution：Efficient and elastic training to 

support continuous training despite GPU failures.

Introduce mixed-precision parameter redundancy, 

pulling backups from neighboring devices.

Neighbor nodes run 
two pipeline tasks, 
creating memory & 
compute bottlenecks

Memory & Compute Trade-off：MHA activations 

dominate GPU memory. Dropping the 
activations can save substantial GPU memory.

Future Work III : Robust training using Implicit Structures



Center of Machine Learning Research < 75 >

Validation PPL of LLaMA after MeCeFO training for the same iterations across fault frequencies

R. Hu, K. Yuan, et. al., MeCeFO: Enhancing LLM Training Robustness via Fault-Tolerant Optimization, Submitted to NeurIPS 2025, 2025

Future Work III : Robust training using Implicit Structures
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Future work IV: Power-Law Optimized Model Architectures

Improving scaling Laws is a more fundamental direction to efficient training

Transformer performance ceiling
is hard to surpass

Scaling slope declines

Training and inference costs 
rise sharply

Dramatic memory increase; Ultra-
large clusters for joint training

Increasing parameters and data

Increasing demand for improved 
large model performance

Memory scaling

Power law

Cost scaling

Approach 1: Design new architectures and explore 
novel power-law principles

Approach 2: Develop new hardware (e.g., supernodes) 
to reduce training and inference costs

Approach 3: Memory-efficient training methods driven 
by model structure
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LLM Architecture: Linear Attention

Transformer Model

Efficient Training: support parallelism
Inefficient Inference: KV cache requires
𝑂 𝑠 memory

RNN Model

Inefficient training: no parallelism
Efficient Inference: 𝑂 1 memory

Transformer Training 
Paradigm

RNN Inference Paradigm

Linear Attention[1]

Efficient Training: match Transformers

Efficient Inference: convert to RNN
without loss

exp(𝑄𝐾3)

𝜙 𝑄 𝜙 𝐾 3

Exp 
Activation

Kernel 
Activation

Training
Paradigm

Inference 
Paradigm

How to design more 
efficient linear 

attention?
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