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The MedMNIST column shows the average results of
the DermaMNIST, BloodMNIST, OrganCMNIST,

BreastMNIST and PneumoniaMNIST datasets.

ConvNeXt - CIFAR-10
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The study conducted by Lu et al. [6] investigates how pretrained transformers can be fine- The research by Dong et al. [8] shows how fine-tuning ViT-B/16 (pre-trained on ImageNet-21k) with LORA Efficient Net
> e tuned with a minimal number of parameters. The approach is to freeze both the affects the performance on a variety of image classification tasks.
. L ; _ ; Mol , . o -
- ;/ feedforward layers of the residual blocks and the self-attention and to fine-tune only the I———" T ———— This thesis focuses on image classification and minput M Weight mGradient M Optimization M Activation
= |np.ut layer (.embeddlng), the qutput layer (readout). and the LayerNorm parameters Pr——p o — therefore, the study by Dong et al. [6] is of interest I
/; (gain y and bias B) of the pre-trained transformer. The inspected transformer is the GPT-2. Sl 877 % i % since LoRA was used to fine-tune a Vision e
. . . . classifier, andy |GGG
- C Results of the study conducted by Lu et al. [6] show how combinations of fine-tuning DTD 64.3 % 69.4 % Transformer (ViT) forimage classification.
T — E [w] parameters affects the performance. Natura] P lowers102 97.2 % 98.8 % . . . veRA I
Yy = % y + ,8 Pats 86.9 % 90.4 % LoRA performes better than the full fine-tuning variant L oRA
\/VH,I' [ﬂ?] _|_ € Task output output + input output + positions output 4+ layernorm SVNH 87.4 % 85.3 % in 16 out of 19 datasets. In the Natural dataset
Bit Memory 76 % 98 % 93 % 91 % Sun397 38.8 % 54.0 %  group, LoRA performs on average 3.6% points better all
Bit XOR 56 % 72 % 84 % 98 % Mean 75.9 % 79.5 % than the full fine-tuning variant, and for the 0 10 20 30 40 50 60 70
ListOps 15 % 17 % 35 % 36 % Camelyon 79.7 % 84.9 % Specialized dataset group the gap is only 1.2% MB
MNIST 23 % 85 % 03 % 96 % EuroSAT 95.7 % 95.3 % points. The difference between the average
CIFAR-10 25 % 53 % 38 % 54 % Specialized  Resisc45 84.2 % 84.4 % performance on the Structured dataset group, is .
' ‘ Retinopathy 73.9 % 73.6 % greatest, at 12.2% points. C l
G a LO re CIFAR-10 LRA 17 % 22 % .iuﬂ% 39 % Monn 234 % A8 O n c u S I O n
Homology 2% 8 % 8 % 9 % Clevr-Count 56.3 % 82.9 % On average across all datasets, LoRA performed
4 Clevr-Dist 58.6 % 69.2 %  6.7% points better than the full fine-tuning variant,  LoRA is highly accurate, converges faster than Norm-fine-tuning and works
Gradient Low-Rank The research by Frankle et al. [7] investigates how random initialized CNNs can be fine- DMLab 41'7? 4.8 z’ despite LoRA only having 0.34% of the amount of better with Linear Layers than with ConvLayer but adds parameters.
- - KITTI-Dist 65.5 7 78.5 % learnable parameters as the full fine-tuning variant. . .
Projection . ;un?\(jj bchr)]nly tralnln.g the paran;e:]ersB of ﬁ;tchNorm. The useddCN.Ns are varrllatlonShOf Structured  dSpr-Loc 57.5 % 75.7 % * VeRa has a lower accuracy than LoRA, but memory usage is reduced despite
esNet. The EXPressive power o the a.tc orm pararT\eters Bandyis greater than ,OJF e dSpr-Ori 46.7 % 471 % The Natural dataset group contains daily life images. the additional parameters.
parameters. This results from the special position which allows them to be a coefficient <NORB-Azim o5 7 % 31.0 % The Specialized dataset oroup contains images
- = . 0 . 0 .
, s (B) and bias (y) of a per-feature according to Frankle et al. [7]. P , . g. P . § * Galore reduces memory usage and converges with lowest epochs but can
Gradient Weight uodat 100 100 sNORB-Ele 29.1 % 44.0 % obtained with special devices, including remote onlv be applied on Linear Lavers
! ow-Rank eight update £ 80 % 80 . Mean 47.6 % 59.8 % sensing and medical images. The Structured dataset y PP yers.
OWFEEn 2 6o . T & Mean Total 65.6 % 72.3 % group contains artificial images from visual simulated * Norm-fine-tuning is the most memory-efficient for ConvNeXt (LayerNorm
£ so € 50 = E— y y
T_1 B E O m— Rergmg. (M) sl 029M — environments. among the truly useful variants but needs more epochs to converge.
- ﬂ zn m zn . . . . . .
Wpr=Wy+n Z Gy T T * Fine-tuning Normalization does not work well for EfficientNet (BatchNorm).
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WO + AWTI'. e AWTZ = oo CIFAR-10 ResNet oo CIFAR-10 WRN The study conducted by George et al. [9] proposes a new variant of GaLore, which can handle higher order . Fine-tuning only the classifier has the lowest memory consumption but has
l = g g . . . . . .
.| G; = Ptpt(PtTGtQt)Q;r 5 b > %0 tensor weights. To use .GaLore on a Yvelght tensor so.that the SVD F:an be c.alculated for projection into a also the worst accuracy and converges slowly and therefore, is not a useful
¢ 0 g 70 low-rank space, the weights must be in form of a matrix. Most of the information can be preserved when the variant
e e < %0 < %0 o reshaping originates from a weight matrix, which resembles a vector-mapping operator (e.g. Linear Layer). If '
P, eR and ; € R E 3 - E 30 o the weight matrix has a higher dimension, originated from a multi-dimensional mapping operator, important * Norm-fine-tuning is the best compromise for ConvNeXt and LoRA is the best
are projection matrices. Y ———— 31 e =R information may be lost in the reshaping process when the rank of the matrix is flattened into fewer compromise for EfficientNet when memory is precious.
— 18 34 50 101 200 18 34 50 101 200 d . . . . .
ImageNet ResNet ImageNet ResNet imensions, as the study conducted by George et al. [9] shows. Such a multi-dimensional mapping
=== AllParams Tralnable === BatchNorm === 2 Random Params Per Channel === BatchNorm + Output Qutput === Chance operator is for example a convolutional layer. [9] EfficientNet has no Linear Layer apart from the classifier.
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