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Low Rank Compression and Fine-Tuning of Neural Networks
Pretrained + Liuetal, DoRA: v.Veight-Decomposed Low-Rank rezl:l‘:roe:tli,:ralen::o:.( with tensor train. 2017

h : : :
Low Rank Finetuning h ' Low Rank Compression
a I:|I:I|:I % . Hu et al., LoRA: Low-Rank Adaptation of Large % . Denton et al., Exploiting Linear Structure Within
Zhang et al., AdaLoRA: Adaptive Budget Allocation for A. Novikov, et al., Tensorizing neural networks. 2015
Parameter-Efficient Fine-Tuning. 2023 A. Tjandra, S. Sakti, and S. Nakamura. Compressing
Wei ghts Adaptation. 2024 -
— o(Wx + ABT = o(AB'x)
z(x) = 6(Wx + AB'x z(x) = o(AB x
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Low Rank Attention

DeepSeek-Al, ”Multihhead Latent Attention”. 2024
Ainslie, et al., GQA: Training Generalized Multi-Query
Transformer Models from Multi-Head Checkpoints. 23
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GPT-2 on OWT, low-rank MLP: Low rank training stalls. Why?




Thought Experiment: Manifold Constrained Optimization
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» Initialization at w, = [0,1]e solution at w, = [1,0] ®
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Thought experiment: Manifold Constrained Optimization
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Thought experiment: Manifold Constrained Optimization
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Manifold: Unit circle # = {w e R*: |jw| =1 }
Initialization at w, = [0,1] ° solution at w, = [1,0]
Gradient V% (w,) = [ — 1,1]

Riemannian gradient P, V.Z(w,) = [0,1]
-> orthogonal projection P,

Retraction onto unit circle



Thought experiment: Manifold Constrained Optimization
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gradient flow
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Riemannian gradient flow
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» Manifold: Unit circle # = {w e R*: |w| =1 }

Initialization at w, = [0,1] ° solution at w, = [1,0]

1 2
210l e

Gradient V.Z(w,) = [ — 1,1]

Riemannian gradient P, V.Z(w,) = [0,1]
-> orthogonal projection P,

Retraction onto unit circle

Non orthogonal

breaks the structure



Low Rank training is manifold constrained optimization

min (X, Y; W)
Wel

» Manifold .# = {W € R™" : rank(W) =r }

« LoRA ansatz: W = AB' with A, B € R™"

chain rule

o T/
. Gradient flow: W = ABT + AB' = Py, VwZ

+ Py is defined by [A, A, and B, B]
- not orthogonal

-> no steepest descent on .




Low Rank training is manifold constrained optimization

min L(X,Y; W)
We.

« Manifold .Z = {W e R™" : rank(W) = }

« AdalLoRA ansatz: W = USV' with U,V € R™,S € R™
chain rule\

. Gradient flow: W = USVT + USVT + USV' = Py V&

+ Py isdefined by [U,U] , and [V, V]

- not orthogonal

=> no steepest descent on .




DLRT: Dynamical Low Rank Training Efficient evolution of projected gradient flow

S.S., Zangrando, Kusch, Ceruti, Tudisco; Low-Rank Lottery Tickets ... ; NeurlPS 2022 .

min (X, Y; W)
We

« Manifold Z = {W e R™" : rank(W) =r }
« DLRT ansatz: W =USV'" with U,V € R™, S € R™
. Gradient flow: W = USVT + USVT + USV' = Py, Vy.&

» Construct Py, with orthogonal bases

U= ortho{ U, U] } ,and V = ortho{ 'V, V]| }

-> Basis for tangent space 5 ,
-> enables steepest descent on .Z

Construct (7>

Optimize S > Retract onto /%>

Construct \7>

Memory cost — slightly better than LoRA
Weights: O@2nr +112)
Gradients: sau for basis update s~ for optimization
Optimizer states: oi)



DLRT: Dynamical Low Rank Training

Schotthofer., Zangrando, Kusch, Ceruti, Tudisco; Low-Rank Lottery Tickets ... ; NeurlPS
2022

Zangrando , S.S., Ceruti, Kusch, Tudisco; Geometry-aware training [...] in tensor
Tucker format ; NeurlPS 24

S.S., Zangrando Ceruti, Kusch, Tudisco; GeoLoRA[...]; ICLR 25

1 —— DLRT * DLRT inherits training robustness from full training
10 —— LoRA pretraining * Provable: Optimality, loss descent, convergence
9 —— Baseline * Hyperparameter can be transferred from full training
7p)
S s
> * Provable error bound to full rank training
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GPT-2 on OWT, low-rank MLP: DLRT beats LoRA




DLRT: Dynamical Low Rank Training

Schotthoéfer, Zangrando, Kusch, Ceruti, Tudisco; Low-Rank Lottery Tickets ... ; NeurlPS

2022

Zangrando , Schotthoéfer, Ceruti, Kusch, Tudisco; Geometry-aware training [...] in tensor

Tucker format ; NeurlPS ’24
Schotthoéfer, Zangrando Ceruti, Tudisco, Kusch; GeoLoRA|...]; ICLR '25
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GPT-2 on OWT, low-rank MLP: DLRT beats LoRA

DLRT inherits training robustness from full training

* Provable: Optimality, loss descent, convergence
* Hyperparameter can be transferred from full training

Provable error bound to full rank training
Hquu rank() = WDLRT(t)H <€A, 9)

Automatic rank selection (like AdaLoRA)

What about momentum methods/Adam?

Schotthéfer, Klein, Kusch; A geometric framework for momentum-based optimizers for low-rank training; NeurlPS ‘25

Momentum gradient flow DLRT Momentum gradient flow
VA4V = - V<L V +YY = - Py VwZ

-=> Bases U, V for W can be re-used for momentum terms
 Extendable for Adam, AdamW



Low-Rank Adapters
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Motivation: Scaling Laws

Loss vs Model and Dataset Size A Single-subject models B Multi-subject models
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Scaling Laws for Neural Language Models Scaling laws for decoding images from brain activity
J. Kaplan et al. H. Banville et al.
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Subject-Conditioned Layer
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Subject-Specific LoRA Adapters
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X = 0 (XW,t T (M, - XOAB, )

Woenerar Shared Weights

A B, subject-specific Weights
As = Rn)(r’ Bs = Rr)(m

M, = binary Mask

Subject i € {1,...,N}

Rank of Adapter: r

Initialization: A, = #(0,6%), B, =0




Numerical Results
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t-SNE Dimension 1 t-SNE Dimension 1 t-SNE Dimension 1
Method Total Active BCI Comp. IV2a BCI Comp. IV2b
# Params # Params (4 Classes) (2 Classes)

EEGNeX Subject-Agnostic [1] 55 972 55972  55.00% =+ 0.66% 74.28% =+ 0.39%
EEGNeX Subject-Specific 50 972 55972 59.36% + 14.42% 75.92% + 14.32%
EEGNex Subject-Specific LoRA 81 124 10 980 53.60% =+ 2.91% 69.64% =+ 0.27%
EEGNeX Subject-Conditioned Layer 134 884 64 740 64.72% + 0.56%  76.48% + 0.25%
PBT Subject-Agnostic 867 460 867 460 50.82% =+ 0.85% 75.49% + 1.10%
PBT Subject-Specific 867 460 867 460 44.16% £ 12.19% 75.63% =+ 14.23%
PBT Subject-Specific LoRA 680 736 135712  25.81% + 0.52% 53.70% =+ 0.80%
PBT Subject-Conditioned Layer 1 480 612 935 588 54.51% + 0.30%  76.36% + 0.23%

[1] Toward reliable signals decoding for electroencephalogram:
A benchmark study to EEGNeX
X. Chen et al.

19




BrainMagick

Decoding:
zero-shot classification
4
Z0Y, ZnYy .. ZnYn
Y e RFXT
.Y, Z,Y, .. Zy,Yyn
Z.Y, Z,.Ys .. Z.Yy
wav2vec 2.0 CLIP Loss brain module

Transformer Conv

Subject Block

d B BN

Conv

0770 VON GUER|CKE Decoding speech perception from non-invasive brain recordings
UNIVERSITAT Defossez, A. et al.

MAGDEBURG
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BrainMagick
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Method subject-specific

Accuracy [%] £ Std. [%]

#Params Top 1 Top 5 Top 10
r=4, a=4 131k 37.56 £0.67 58.72+0.52 67.06 &+ 0.54
r=4, =8 131k 38.85+0.33 60.17+045 68.52+0.39
r=4, a=12 131k 39.04 £0.20 60.36 £0.21 68.77 +0.36
r=8, a=8 190k  39.82+0.72 61.03 £0.68 69.39 4 0.62
r=8, a=16 190k  39.61 £048 61.02+0.27 69.40+ 0.37

r=8, a=24 : : 61.5 £ 0.23 : :

=16, a=16 306k  40.50 £0.27 61.77£0.19 69.97 £0.22

é r=16, a=32 306k  40.50 = 0.27 61.86 £0.32 70.09 £ 0.29
S r=16, a=48 306k 40.68 =051 61.94+0.39 70.20 £ 0.36
& r=32, a=32 540k  40.954+0.54 62.22 £0.64 70.34 +0.47
r=32, a=64 540k 41.65+0.76 62.63 £0.84 70.76 £0.76
r=32, =96 540k  41.44 +£0.32 62.67 =031 70.60 £ 0.18
r=64, a=64 1,006k  40.97 £044 62.15+£049 70.30 £ 0.49
r=64, =128 1,006k 41.74 £0.49 62.90+043 70.98 &+ 0.45
r=64, =192 1,006k 41.94 +0.92 63.20 £0.65 71.18 £ 0.61
r=64, =256 1,006k 41.81 £0.21 63.00+0.11 70.95+0.21
=96, =192 1,473k 41.62+0.13 62.73+£0.17 70.85=+0.16
Baseline 1,968k  40.60 £0.18 61.84 =0.21 70.00 £ 0.21

BL w/o Sub.-Layer 73k  19.23 £ 041 36.69 +0.54 45.48 £+ 0.69
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