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Training compute has increased by a factor of 10
billion since 2010, doubling every 5-6 months.

Training compute (FLOP)
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Training modern models increasingly requires
large GPU clusters with high memory capacity.
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How do we train expressive models
when memory is the bottleneck®



Where does the memory come from?

Forward pass of two layer neural network
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Where does the memory come from?

Forward pass of two layer neural network

H=XW, Activiions Optimization

Gradients
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Reduce memory and compute with
factorization
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Reduce memory and compute with

low-rank factorization
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Quantization

Reduce memory usage by converting from high to low precision.
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Exploiting Structure of Gaussian Weights

[3] Dettmers, et al. QLoRA: Efficient Finetuning of Quantized LLMs. ICML, 2023.
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Compact visual representations are important for
applications like novel view synthesis and 3D modeling

Neural Radiance Fields

-

2D Images 3D Signed Distance Fields



Compact Visual Representations

Explicit
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Compact Visual Representations
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Compact Visual Representations

Explicit

/N
High Memory Efficient Sampling
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Explicit-Implicit Representations

Feature Grid Small MLP
(explicit) (Implicit)



Explicit-Implicit Representations

«
: Feature Grid Small MLP

(explicit) (Implicit)
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Factorize the feature grid —> Compactness and Efficiency



Factorized Representations

K-Planes
(Fridovich-Kell et
al., 2023)
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Factorized Representations

K-Planes .
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Factorized Representations

K-Planes
(Fridovich-Kell et
al., 2023)

TensoRF
(Chen et al., 2022)
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Oseledets et al. 2011

Tensor Trains (TT)

d
(...)
1A
size NV - - r

Linear in N and Linear in d - O(dNr?) parameters
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Oseledets et al. 2010

Quantized Tensor Trains (QTT)

log N

Tensor of ~ . ' . ()
: y r r
size NV ’ r I

Logarithmic in N and ind - O(log(N)”"'r*) parameters




Oseledets et al. 2010

Quantized Tensor Trains (QTT)

log N
Tensor of ~ ' () '
r r
Logarithmic in N and ind - O(log(N)”"'r*) parameters

M QTT: log(16-10%) - 2" - P2=14-1 -7
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Oseledets et al. 2010

Quantized Tensor Trains (QTT)

log N
Tensor of ~ ' ()
r r
Logarithmic in N and ind - O(log(N)”"'r*) parameters
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Loeschcke et al. 2024

Coarse-to-fine Learning of QTTs

log N O(log(N)2"r)
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Loeschcke et al. 2024

Coarse-to-fine Learning of QTTs

]()gN O(IOg(N) r2)

Tensor of
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Structure
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Upsampling



Loeschcke et al. 2024

Coarse-to-fine Learning of QTTs
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Loeschcke et al. 2024

Coarse-to-fine Learning of QTTs
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Loeschcke et al. 2024

Coarse-to-fine Learning of QTTs
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Results - 2D and 3D compression
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Novel View Synthesis

e Significantly better than all baselines for small model sizes

e Competitive with SOTA and even better on some benchmarks

Synthetic-NeRF NSVF TanksTemples

Method Steps Size(MB)| | PSNR1T SSIMT | PSNRT SSIMT | PSNRT SSIM7
Ground Truth TensoRF PuTT

PlenOctrees* (Yu et al., 2021b)-L 200k 1976.3 31.71 0.958 - - 2799 00917
Plenoxels* (Yu et al., 2021a)-L 128k 778.1 31.71 0.958 - - 27.43  0.906
DVGO* (Sun et al., 2022)-L 30k 612.1 3195 0957 | 35.08 0975 | 2841 0.911 =
K-planes* (Fridovich-Keil et al., 2023)-L | 30k 122.1 3236 0.962 - - - - >
Instant-NGP* (Miiller et al., 2022)-L 35k 45.5 33.18 0.963 - - - §
TensoRF (Chen et al., 2022) VM-192*-L | 30k 71.8 33.14 0.963 | 36.52 0982 | 28.56 0.920 Z
Our PuTT-600-L 80k 60.3 3279 0958 | 36.57 0.982 | 28.37 00917
NeRF* (Mildenhall et al., 2020)-S 300k 5.0 31.01 0947 | 30.81 0952 | 25.78 0.864
TT-NF * (Obukhov et al., 2022)-S 80k 7.9 31.09 0.945 - - - -
TensoRF CP-384*-S 30k 3.9 31.56 0949 | 3448 0971 | 27.59 0.897 >
TensoRF VM-30 (no shrinking)-S 80k 6.9 31.10 0948 | 3457 0974 | 27.67 0.898 §
Our PuTT-200-S 80k 6.7 31.66 0956 | 3558 0976 | 27.99 0.901 =
TensoRF VM-48 (no shrinking)-M 80k 12.0 31.62 0952 | 3544 0976 | 28.03 0.901 =
Our PuTT-280-M 80k 12.0 3195 0957 | 36.04 0977 | 28.15 0.905

Table 1. Comparison to baselines for the task of novel view synthesis for the Synthetic-NeRF (Mildenhall et al., 2020), NSVF (Liu et al.,
2020a), and TanksTemples (Knapitsch et al., 2017) datasets. Scores of the baseline methods with a * are taken directly from corresponding
papers whenever possible. L, M and S indicate a Large (> 60 MB), Medium (12 MB) or small (< 8 MB) model size. We compare our
method on Medium and Small-sized models but also include Large-sized models for reference.



Key lakeway

* Quantized Tensor Trains learned in a coarse-to-fine manner are a parameter-

efficient and effective way of learning compact visual representations.

log N
Tensor of
size d"
Coarse-to-Fine === ===sssaaaas- >

[Loeschcke et. al. “Coarse-To-Fine Tensor Trains for Compact Visual Representations*

33



LoQT: Low-Rank Adapters for
Quantized Pretraining

Sebastian Loeschcke®, Mads Toftrup*, Michael J. Kastoryano,
Serge Belongie, and Veéesteinn Snaebjarnarson

NeurlPS 2024

COPENHAGEN %Sb /v

O AARHUS UNIVERSITY

PIONEER CENTRE FOR
ARTIFICIAL INTELLIGENCE

B
E

-ww A A

*Equal Contribution



Pretraining LLMs require big GPU clusters

Pretraining a LLaMA 13B
model with Adam and a
batch size of one requires
over 100 GB of memory.
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Pretraining LLMs require big GPU clusters

Llama 13B

Pretraining a LLaMA 138~ @™ /////////%%%/////%

model with Adam and a
batch size of one requires Galore
over 100 GB of memory.

LoQT
°d . RTX 4090 (24GB)

O 10 20 30 40 50 o0 70 &0
Memory Usage (GB)
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LoQT: Low-Rank Quantized Pretraining

Standard
Linear Layer W

Optimize 2k
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LoQT: Low-Rank Quantized Pretraining

2 h
_I_
t TN
Standard Replace o B
Linear Layer W | e > 1 <---Low-rank
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t " /
X X

Optimize 2k
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LoQT: Low-Rank Quantized Pretraining

* Pretraining from scratch h
while only optimizing a single TN
low-rank factor per layer. K D
—
ZS
" /
X

Optimize 2k
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LoQT: Low-Rank Quantized Pretraining

* Pretraining from scratch h
while only optimizing a single RN
low-rank factor per layer. & B
T
 Keep most weights in 4-bit i
precision. x_ A

Optimize 2k
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LoQT: Low-Rank Quantized Pretraining

* Pretraining from scratch h
while only optimizing a single RN
low-rank factor per layer. & B
T
 Keep most weights in 4-bit i
precision. x_ A

Optimize 2k
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Training with the Adam Optimizer

Memory Requirements

h Weights Gradients Optimizer
! States
M XN
Hnear W U4 G 1st & 2nd
-ayer Moments
T
. mn mn 2mn

dmn
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Low-Rank Properties of Gradients

 Adam (Kingma et al. 2014) W = W_, - p( th_1 )

Optimizer



Low-Rank Properties of Gradients

 Adam (Kingma et al. 2014) W = W_, - p( GWZ_1 )

 Galore (Zhao et al., 2024) Y (( th_1 )

thl”XM




Low-Rank Properties of Gradients

 Adam (Kingma et al. 2014) W = W_, - p( GWZ_1 )

NXr rXNMXN

 Galore (Zhao et al., 2024) W, = W, —Eﬂ (( th_1 )

thl”XM




Low-Rank Properties of Gradients

 Adam (Kingma et al. 2014) W = W_, - p( GWZ_1 )

NXr rXNMXN

 Galore (Zhao et al., 2024) W, = W, —Eﬂ (( th_1 )
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Low-Rank Properties of Gradients

 Adam (Kingma et al. 2014) W = W_, - p( GWZ_1 )

NXr rXNMXN

 Galore (Zhao et al., 2024) W, = W, —Eﬂ (( th_1 )
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LoRA - Low-Rank Adaption [3]

Pretrained

[3] Hu et al., “LoR

h h = Wx+BAx
G B

—— *-... Low-rank

«" adapters
A
— /

X
A”, ICLR 2022 [4] Dettmers et al., “QLoRA”, Neurips 2023



https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
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LoRA - Low-Rank Adaption [3]

Pretrained

[3] Hu et al., “LoR
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https://arxiv.org/abs/2106.09685
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51

LoRA - Low-Rank Adaption [3]

Pretrained

[3] Hu et al., “LoR

h h = Wx+BAx
T T
K B
— ... Low-rank
v ; «" adapters
A
A S
X
Quantizing W

A”, ICLR

works well |4}
2022 [4] Dettmers et al., “QLoRA”, Neurips 2023


https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
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LoRA - Low-Rank Adaption [3]

Pretrained

[3] Hu et al., “LoR

h = Wx+BAx
///,——a»—k 4——5\\\
& B
—— ... Low-rank
«" adapters
A P
— %

A”, ICLR

Quantizing W
works well [4]

2022

[4] Dettmers et al., “QLoRA”, Neurips 2023


https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685

LoQT: Low-Rank Quantized Pretraining

Key Components

* Pretrain from scratch with
low-rank adapters (LoRA)
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LoQT: Low-Rank Quantized Pretraining

Key Components Only optimize a

e Pretrain from scratch with single adapter

low-rank adapters (LoRA) R
w B
Randomly
nitialized W " w / p % =W+ DIb
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LoQT: Low-Rank Quantized Pretraining

Key Components

* Pretrain from scratch with
low-rank adapters (LoRA)

 |nitialize /~ using
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LoQT: Low-Rank Quantized Pretraining

Key Components

* Pretrain from scratch with
low-rank adapters (LoRA)

 |nitialize /~ using

e Quantize /” and W to 4-bit oS
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LoQT: Low-Rank Quantized Pretraining

Key Components

Pretrain from scratch with B =
low-rank adapters (LoRA)

Initialize /- using _

Quantize /” and W to 4-bit oS

Initialize 55 using a
quantization error
compensation term.

o57



LoQT - Training
h
TN
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Wq T
/PN
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LoQT - Merge and Reinitialize
W,=W,+PB




LoQT - Merge and Reinitialize
W,=W,+PB
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LoQT - Merge and Reinitialize
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Memory Requirements with Adam

Weights Gradients Optimizer

.. States
Regular Training
h= W G o820
mn mn 2mn
m
LoQT v 7 Il
h=Wx+ PBx \E/ GB /
Good
mn, +nr+m.;gr  nr YNy

if r << min(m, n) q



Key Results
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Pretraining LLaMA2 Models on the C4 Dataset

| Lower is better

i Model Size I
ir/d, ., 1287512  256/768  256/1024 51272048



Pretraining LLaMA2 Models on the C4 Dataset

Takeaways
e LoQT is comparable to 3>
Full training and Galore  z ./
T oGT - iBmodel .

' 61% less memory than Full

' 41% less memory than GaLoreEa = 20

10-

r/d

65 model

| Lower is better

BN Full B Galore
it 1.0QT S LoRA
% w# 1oQT-nqg WM ReLoRA

Y
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, 7

60M 130M 350M 1B
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Limitations and Future Work

* Speed: LoQT is 16% slower than BF16 training.

h
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Limitations and Future Work

* Speed: LoQT is 16% slower than BF16 training.

 Alternative Architectures and Quantization.
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Key lakeways

* Pretraining from scratch with low-rank updates and 4-bit
quantization can match BF16 training.

63



Key lakeways

* Pretraining from scratch with low-rank updates and 4-bit
quantization can match BF16 training.

* Low Memory: LoQT enables training on consumer hardware.

69
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Conclusion: Structured Learning Under
Memory Constraints

 Modern model training is increasingly limited by memory, not
compute.

* Weights, gradients, and optimizer states have low-rank structures
during training

* Exploiting this structure enables scalable, memory-efficient training
without sacrificing performance.
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Ongoing work

o Lattice based quantization aware training (Qualcomm project)
e Ongoing Caltech projects I’m advising:
e | ow-precision training using exponent and mantissa seperation

* Adaptive Sign-Based Optimizer for Communication-Efficient Distributed
Training

o Self-Scaled Adaptive Preconditioning with Applications to Matrix
Optimization and Physics-Informed Machine Learning
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TensorGRaD: Tensor Gradient
Robust Decomposition for Memory-
Efficient Neural Operator Training

Sebastian Loeschcke, David Pitt, Robert Joseph George, Jiawei Zhao, Cheng Luo,
Yuandong Tian, Jean Kossaifi , Anima Anandkumar
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Learning Operators from Initial Conditions

* Given an initial condition of a physical system, we
aim to learn an operator that maps it to future states.

Initial Vortzczty =15 =20 =25

W N
- N

Zongyi et al. “Fourier Neural Operator for Parametric Partial Differential Equations” , 2021

".



State of the art use Tensorized weights to learn
operators on multidimensional inputs
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:
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Multi-Grid Domain Decomposition Tensor weights

Kossaifi et al. "Multi-Grid Tensorized Fourier Neural Operator for HighResolution PDEs"



Tensor weights make Neural Operator Learning
memory intensive

Tensor Gradients

Tensor weights
Tensor Adam Statistics




Can we use same gradients decomposition
approaches for tensors?

Tensor Matricized Gradient
oradient

Low-rank Gradient

projection update
) ) — () —

. * "
L
Reshape (info disproportionately lost Project

from last modes) back

’r’



Projects tensor gradients using low-rank tensor
factorization

Low-rank Truncated Tensor
tensor core tensor reconstruction
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Low-rank + Sparse

Sparse

COO tensor
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Matches performance of Adam using half the memory

Memory Usage by Category
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Key lakeways

* Neural operator training is memory-limited due to large
tensor-valued gradients.

* TensorGRaD exploits structure in these gradients via low-
rank + sparse tensor decomposition.

* This enables memory-efficient training without sacrificing
accuracy Iin scientific ML tasks.
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Takeaways

e LoQT is very comparable
to Full training and Gal.ore

* No-quantization (LoQ-nq)
s slightly better than LoQT
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Takeaways

e LoQT is very comparable
to Full training and Gal.ore

* No-quantization (LoQT-nq)
s slightly better than LoQT

e LoQT is much better than
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Test Error vs Optimizer Memo
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Test Error vs Optimizer Memo
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Structure of Gradient Matrices

 Galore: “Gradient becomes low-rank during training” [1]

* InRank: “Cumulative weight updates follow an incremental
low-rank trajectory” |2]

* This implies that gradients can be well-approximated by
low-rank factorizations.

[1] Zhao et al., “Galore”, ICML 2024. [2] Zhao et al., “InRank: Incremental Low-Rank Learning”, ICLR 2023



Low-rank + Sparse

* Robust PCA (2] decomposes a matrix M = L + S (low-rank +
sparse outliers).

* Provably recovers the true subspace even under gross

corruptions.
O
) tensors

O

O
o

e Robust tensor ¢




Sparse + low-rank can better capture outliers in the gradient

Distribution of Gradient Reconstruction Error
e Rco 107% = = K +

OIS

LowRank LowRank+Sparse Sparse+LowRank
(25%) (20%+5%) (5%+20%)
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Component Ablations
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This gap is reduced by 72 % .
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Fine-tuning and Continued Pretraining

ing

ed Pretraini

Llama 7B on Icelandic

Continu

Arxardiog 1897,
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Fine-tuning
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Memory requirements by LLMs

Weights Gradients  Optimizer States
e Gradient Descent Optimizer
%4 G 1st & 2nd
-1 Moments
Wy = Wy+n ) p(G)
—0 mn mn 2mn

Learning Rate G, =—-Vyp(W)e R™"
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Noisy Data
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Memory requirements by LLMs

» Gradient Descent Weights Gradients
T—1 . i
Wr=Wo+n ZP(Gt)
=0
mn mn
 LoRA (Hu et. al. 2021)
r—1 B/ G,
_ W
Wr = Wy + 1 2; p(A)p(B) /G
[=
mn + nr + mr nr -+ mr
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Optimizer States

Adam p
States

N
LN

2nr + 2mr




Low-Rank Projection of Gradient

 Galore (Zhao et. al., 2024)




Low-Rank Projection of Gradient

Weights Gradients  Optimizer States
 Galore (Zhao et. al., 2024)
%4 G
T—-1
W,.=W,+n P, p(P'G)
: ’ Z _Lee mn mn mr + 2nr

=0 ~—
= Rm)(r E“RWXM

SVD((:)=UXV', P,=U[:: r]
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Low-Rank Projection of Gradient

Weights Gradients  Optimizer States
 Galore (Zhao et. al., 2024)
%4 G
T—1
W= Wy+n P, p(P,'G)
. ’ Z L mn mn mr + 2nr

=0 N
= [Rer = Rr)(n

SVD(G,) = UXV', P,= U[:: 7]
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LoQT - Low Rank Adapters for Quantized Pre-Training

 Galore (Zhao et. al., 2024)

-1
Wr=Wy+n 2 P, p(P'G)
=0 )

ERWLXF Eﬂi}f)(n J
* LoQT N\ Y

T—1
LoRA factors: LoRA: WT = W() + 7 Z p( )ﬂ( )
=0
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LoQT - Low Rank Adapters for Quantized Pre-Training

 Galore (Zhao et. al., 2024)

T—1
WT:W()""?Z P, p(P'G)

e LOQT

Wr

=0 ~——
ERer ERan
LoRA factors:
T—1
= Wy + nz p(5)
=0

Weights Gradients  Optimizer States
%4 G
mn mn mr + 2nr
VIncrease ¥ Decrease ¥ Decrease
= W 3 pA)pB)
LoRA: 4\= Wo+1n ) p(A)
1 =0
mn + nr + mr nr 2nr
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LoQT - Quantization

Compress weights with 4-bit Normal Float quantization - Dettmers et al. (2023)

v B/
Wy =Wi+n Yy PPORB) "
0 t
; a‘;@' IZ W LN
mg;nd—-hml--m}mqr

75 % less memory for W and P compared to FP16

nr
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1. Initialization

2/
[

SVD(VW) =UxV'
P=Ul: r]
P, = qnra(P) W, = qnra(W)
B=P'(W, - W)

VW
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/ 2. Tralning
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15
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T Forward T
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Y
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Wq Optimize
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3. Merging
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|

Tiv1 T; T;
Wl = WX + PLB

1. Tnitialization

ng+1 > VWTH_l
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LoQT Updating W
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Feature Grids and Radiance Fields

e Goal (X,¥,2,0, ) —» —> (1,2, b, 0)
ey ! —— ——
Spated Vg F, Oupt upu

Factorize using QTT with
D cores for a grid of size (2P)°

]
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______________
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Appearance Grid Geometry Grid



PuTT-NeRF Pipeline

Trilinear Interpolation
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