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Abstract

Parameter-efficient fine-tuning optimizes large,
pre-trained foundation models by updating a sub-
set of parameters; in this class, Low-Rank Adapta-
tion (LoRA) is particularly effective. Inspired by
an effort to investigate the different roles of LoRA
matrices during fine-tuning, this paper character-
izes and leverages unexpected asymmetry in the
importance of low-rank adapter matrices. Specifi-
cally, when updating the parameter matrices of a
neural network by adding a product BA, we ob-
serve that the B and A matrices have distinct func-
tions: A extracts features from the input, while
B uses these features to create the desired out-
put. Based on this observation, we demonstrate
that fine-tuning B is inherently more effective
than fine-tuning A, and that a random untrained
A should perform nearly as well as a fine-tuned
one. Using an information-theoretic lens, we also
bound the generalization of low-rank adapters,
showing that the parameter savings of exclusively
training B improves the bound. We support
our conclusions with experiments on ROBERTa,
BART-Large, LLaMA-2, and ViTs. The code and
data is available at https://github.com/
Jiacheng-Zhu-AIML/AsymmetryLoRA

1. Introduction

Foundation models for data-rich modalities such as text and
imagery have achieved significant success by pre-training
large models on vast amounts of data. While these mod-
els are designed to be general-purpose, it is often neces-
sary to fine-tune them for downstream tasks. However, the
huge size of foundation models can make fine-tuning the
entire model impossible, inspiring parameter-efficient fine-
tuning (PEFT) methods that selectively update fewer param-
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eters (c.f. Lialin et al., 2023). The effectiveness of PEFT
demonstrates that updating even a tiny fraction of the pa-
rameters can retain and enrich the capabilities of pretrained
models. Indeed, fine-tuning has become a necessary ingre-
dient of modern ML; for example, the PEFT package (Hug-
gingFace, Year) has supported more than 4.4k projects since
its creation in November 2022.

Among PEFT methods, low-rank adaptation (LoRA) (Hu
et al., 2021) has become increasingly popular, which lever-
ages the assumption that over-parameterized models have
a low intrinsic dimension (Aghajanyan et al., 2021). To
update a neural network, LoRA trains a subset of the param-
eters (usually attention) by representing weight matrices as
Wo + AW, where W) is the fixed weight matrix from the
pre-trained model and AW is a low-rank update. Compared
to full fine-tuning, LoRA considerably reduces the number
of trainable parameters and memory requirements and often
achieves similar or better performance.

Most LoRA implementations factor AW = BA and opti-
mize for A and B, where A and B have fewer rows and
columns (resp.) than AW this approach was proposed
by Hu et al. (2021). With this set of variables, the stan-
dard LoRA training procedure—where A is initialized to
a random matrix and B is initialized to zero—exhibits an
interesting asymmetry, which is leveraged in some empirical
follow-ups (Zhang et al., 2023a; Kopiczko et al., 2024). In
particular, while training B is critical for the performance
of LoRA, even a randomly initialized A seems to suffice for
strong performance. On the other hand, reversing the roles
of A and B substantially decreases performance.

Delving into this empirical suggestion from prior work, this
paper demonstrates that LoORA’s components are inherently
asymmetric. In fact, the asymmetry occurs even for linear
models (§4.1.1). Indeed, our theoretical (§4) and empirical
analysis (§5) suggests that fixing A to a random orthogonal
matrix can yield similar performance to full LoRA training,
and that this adjustment may even promote generalization.
This observation is backed by a comprehensive empirical
study, leading to practical suggestions for improving param-
eter efficiency and generalization of LoRA models. Our
contributions are as follows:

* We provide simple theoretical and empirical analysis
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Figure 1. Similarity of learned LoRA matrices A & B across layers of a RoOBERTa model fine-tuned with different initialization and data
settings. Bs are similar when fine-tuning on the same task (a) and dissimilar when fine-tuning on different tasks (b and c). As are similar
when initialized identically (b), even though fine-tuning is done on different tasks, and dissimilar when initialized randomly regardless of
the fine-tuning task (a and c). The experiment demonstrates the asymmetric roles of A and B in LoRA.

demonstrating asymmetry of training the two adapter ma-
trices, showing that tuning B is more impactful than tun-
ing A. This confirms and builds upon prior empirical
observations (Zhang et al., 2023a; Kopiczko et al., 2024).

* We show theoretically and empirically that randomly
drawing and freezing A while tuning only B can improve
generalization vs. tuning both B and A, in addition to
practical gains achieved by 2x parameter reduction.

» We validate our findings through experiments using mod-
els including RoBERTa, BART-Large, LLaMA-2, and the
vision transformer (ViT), on both text and image datasets.

2. Related Work

Since the introduction of the original LoRA technique (Hu
et al., 2021), numerous enhancements have been proposed.
For example, quantization can reduce memory usage during
training (Gholami et al., 2021; Dettmers et al., 2023; Guo
et al., 2024). Also, the number of trainable parameters can
be further reduced by adaptively allocating the rank (Zhang
et al., 2023b), pruning during training (Benedek & Wolf,
2024), or pruning and quantizing after training (Yadav et al.,
2023).

To further reduce the number of trainable LoRA param-
eters, the idea of reusing (randomly generated) weights
or projections (Frankle & Carbin, 2018; Ramanujan et al.,
2020) suggests strategies from learning diagonal matri-
ces rescaling randomly-drawn and frozen B, A matrices
(VeRA) (Kopiczko et al., 2024), deriving B and A from
the SVD decomposition of the pre-trained W, and opti-
mizing for a smaller matrix in the resulting basis (SVD-
iff) (Han et al., 2023), learning a linear combination of fixed
random matrices (NOLA) (Koohpayegani et al., 2023), or
fine-tuning using orthogonal matrices (BOFT) (Liu et al.,
2024). As echoed in our empirical results, previous methods
observe that freezing A in conventional LoRA preserves
performance (Zhang et al., 2023a). While nearly all recent
studies treat the two matrices asymmetrically in their ini-
tialization or freezing schemes, there is a lack of formal

investigation into this asymmetry in low-rank adaptation.

Zeng & Lee (2023) specifically investigate the expressive
power of LoRA, but only focus on linearized networks and
linear components. Their analysis does not consider aspects
such as the particular distribution of the fine-tuning target
data, generalization, or the differing roles of the different
matrices. Lastly, we would like to highlight that even before
LoRA, the effectiveness of fine-tuning was also explained
by leveraging similar ideas related to the intrinsic low di-
mensionality of large models (Aghajanyan et al., 2021).

3. Preliminaries & Background

Notation. Suppose we are given a pre-trained weight matrix
Wy € Réouxdin representing a dense multiplication layer of
a neural network foundation model. LoRA fine-tunes by
updating the weights to Wy + AW, where rank(AW) =
r < min(doy, din). In particular, Hu et al. (2021) factor
AW = BA, where A € R™*% and B € R%uX" have
restricted rank < 7. During training, W is fixed; LoRA
updates (A, B). This yields morde Zfﬁcient updates than full

fine-tuning, provided that r < ﬁd‘

Now using ¢ to index layers of a network, a LoRA up-
date is thus characterized by a set of pre-trained weight
matrices W 2 {W;}L|, a set of pre-trained bias vec-
tors b = {b;}X_,, and a set of low-rank trainable weights
AW 2 [AW;}L . LoRA may not update all L weight
matrices in W, in which case L' < L.

Motivating example. In Figure 1, we investigate the simi-
larity of learned matrices A and B under three scenarios:

(a) random initialization, A & B trained multiple times on
the same task;

(b) fixed initialization, A & B trained multiple times, each
time on a different task; and

(c) random initialization, A & B trained multiple times,
each time on a different task.

Here, we fine-tune RoBERTa large (Liu et al., 2019) with
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LoRA on the tasks from the GLUE benchmark (Wang et al.,
2018). Specifically, we fine-tuned mrpc with 5 random
seeds for (a) and on mrpc, rte, stsb, and cola for (b) and (c).

The figure plots similarity of learned A and B matrices
across layers in Figure 1, measured by canonical correlation
analysis goodness of fit (Ramsay et al., 1984); see Appendix
A for motivation.

These plots suggest that B is predominantly responsible for
learning, while A is less important. Specifically, when train-
ing on the same task with different initializations (scenario
(a)), the learned B matrices are similar to each other, while
when training on different tasks (scenarios (b) and (c)), they
are different. On the contrary, the similarity of learned A
matrices is insensitive to training data and is determined by
initialization; it is highest in scenario (b) when the initializa-
tion is fixed even though training data differs. See Appendix
A for additional details of this experiment.

4. Theoretical Analysis

In this section, we analyze the asymmetry in prediction
tasks and its effect on generalization. We discuss a gen-
eral case rather than a specific neural network architec-
ture, considering rank 7 adaptation of any parameter ma-
trix W = Wy + B A used multiplicatively on some input-
dependent vector, i.e.,

layerOutput = ¢ ((Wp + BA) - ¢(layerInput),...) (1)

for some differentiable functions v, ¢. Here, 1) may take
more arguments depending on layerInput, which may have
their own low rank adapted parameter matrices. This generic
form encompasses both feedforward and attention layers.

In this setting, A serves to extract r features from
¢(layerInput), which are then used by B to predict some
desired output for future layers. We will argue that training
B to predict the output is crucial for correct outputs, while
using a random A is often sufficient, as B can be optimized
to use whatever information is retained in the r-dimensional
projection A - ¢(layerInput).

4.1. A, B asymmetry in prediction tasks

If we wish to reduce the effort of training both A and B
in (1), in principle either A could be frozen and B tuned
or B frozen and A tuned. As shown in §5 and elsewhere,
these two options are not empirically equivalent: It is best
to freeze A and tune B. In this section, we seek to under-
stand the principle behind this asymmetry by theoretically
analyzing the fine-tuning of a class of prediction models.
We first build intuition with least-squares linear regression.

4.1.1. MULTIVARIATE LINEAR LEAST-SQUARES

As a simple example analogous to a single network layer,
we study d;,,-to-d,,¢ least-squares linear regression (in (1),
set ¢, 1 to be identity). Specifically, suppose there is an
input X € R%n, an output Y € R%v¢  and a pre-trained
linear model

ypre(X) = WoX + bo,

where W, € R%wt*din and by € R%w=t. With this model
held constant, our goal is regressing (Yiqrg, Xtarg) pairs
where Yi,,4 is given by:

Y;Sarg = WtargXtarg + btarg

with Wierg = Wo + A. Following LoRA, we model the
target A using a low rank update to the pre-trained Wy, i.e.
W =Wy + BA:

where B € R%ut*" and A € R"*%in for some 7.

To find an A and B that best matches the output, we optimize
the least squares loss on the difference between ¢ and Yi4,.4:

L(A, B)=E(y,,,, Xirn) | Yiarg— (Wo+BA) Xyarg —bll3].
()

Below, we present lemmas on minimizing this loss while
freezing either A or B. In both, for simplicity, we set b =
biarg and E[Xyq,¢] = 0 and defer proofs to Appendix B.

Lemma 4.1 (Freezing A yields regression on projected
features). Optimizing L(A, B) while fixing A = Q with
QQT = I, yields

B*=AYQT(QxQ") ™,
where ¥ = Cov[Xiqrg, with expected loss

L(Q,B*) = dpyio? + Tr[ASAT]
- Tr[QEATARQT(QEQ) ).

Lemma 4.2 (Freezing B yields regression on projected
outputs). Optimizing L(A, B) while fixing B = U with
UTU = I, yields

A* =UT (Wiarg — W),
with expected loss
L(A*,U) = dopuro? + TI[AZAT] - Tr[UTAZA U],
where ¥ = Cov[Xyqyg].

Comparing the lemmas above, A* is simply the U projection
of the targeted change in weight matrix A = Wy, — W.
Unlike B*, the optimal choice of A* does not consider the
input data distribution captured by 2.
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Intuitively, if the goal of adaptation is to approximate some
desired output, then projecting away the majority (since
r < dyyt) of the output is undesirable. In contrast, project-
ing away a portion of the input feature space will be less
damaging, if the information X,,., contains about Yy, is
redundant (c.f., neuron dropout (Srivastava et al., 2014) in
neural network training) or if the distribution of X4, tends
to be low-rank.

Consider the following extreme example. If ¥ = FFT
is at most rank r, e.g. if F' € d;, X r, then for each X
there exists' an N = F'X € R" such that X = FN.
Suppose you have tuned a pair A,, B,. For any orthonormal
Q € R"™*%n (e.g. one drawn at random), we can write

B.A.X = B,A.FN
= (B.AF(QF)™HQX,

i.e. regardless of A,, B,, for any (random) @, there is an
exactly equivalent LoRA adaptation with A = Q) and B =
(B.A.F(QF)™1). In this setting, therefore, randomizing
A (to Q) is equally expressive to tuning it (using A.,).

This intuition is also reflected in the typical LoRA initializa-
tion. When doing full LoRA (tuning both A, B), A usually
is initialized to a random Gaussian matrix, and B is ini-
tialized to zero. This procedure—presumably empirically
derived by Hu et al. (2021)—intuitively fits our analysis
above, since random A yields good random predictive fea-
tures, in contrast to using a random output prediction basis.
Initializing B to zero then starts the optimization at a zero
perturbation of the pretrained model.

We validate the above intuition with the following theorem:

Theorem 4.3 (A, B output fit asymmetry). Consider the
settings of Lemmas 4.1 and 4.2, and suppose U, Q) are sam-
pled uniformly from their respective Stiefel manifolds. Then,
L(A*,U) > L(Q, B*) with high probability as 4/r — oc.

In other words, the least-squares prediction loss of only
fine-tuning B is at least as good as only fine-tuning A.

Intuition on asymmetry gap. Theorem 4.3 is built on the
following inequality:

TrEQ T (QEQT) 'QTATA]
>Tr[(QTQ)TQT(QIQT) 'QEATAL  (3)

Let us consider an example regime to build intuition on
the size of this gap. Following intuition that freezing A is
most successful when the information content of the input
is redundant (c.f., Aghajanyan et al. (2021)), suppose the
distribution of X is low rank, i.e., ¥ is of rank rx. We
can then write ¥ = UxSxUy, where Ux € R%n*X7x g

"Here F' denotes pseudoinverse.

orthogonal and Sx € R"x*"x ig diagonal with nonnegative
real entries.

For intuition, set rx = 7 and Sx = ¢2I,. We then have
YQT(QEQ ) TIQEATA = PUx U ATA,

which no longer depends on (). The expectation of the key
inequality gap in (3) then becomes

EQTr[EQ ' (QTQ") QAT A]
—EoTr[(QTQ)2QT(QZQT)'QTATA]
=EoTr[(I - QT Q)o*UxUyxATA]

_r TAT
= (1 d) TUxUTATA
as d becomes large. In other words, the performance advan-

tage of tuning B over A is large when d > r, which is the
typical regime in practice.

4.1.2. NONLINEAR LOSSES AND MULTILAYER MODELS

Recalling (1) with an input transformation ¢ and output
transformation ), consider losses on the output of the form

n

LOV) =" n(f(We(x:))) -y f(We(x:))),

i=1

“
where f, h are differentiable functions specified by the de-
sired loss, y; € R, z; € Réin_ and W € RoutXdin Thjg
class contains logistic regression (with y being a one-hot
encoded class vector), least-squares regression, and gener-
alized linear regression—including a neural network with
cross entropy loss with one layer being tuned.

We next analyze the gradient of this loss. Our argument
is stated with one adapted parameter matrix, but it directly
applicable to multilayer and transformer networks with mul-
tiple matrices being adapted, where ¢, ¥, and f will in
that scenario vary depending on each parameter matrix’s
position in the network; ¢, 1, and f will depend on other pa-
rameter matrices and the current value of their adaptations
(by definition of gradients). The interpretation will now
be that fixing A when adapting a parameter matrix 1/ (%)
projects the inputs of the corresponding parameter matrix
to a lower-dimensional subspace while retaining the ability
to fully match the outputs, and fixing B correspondingly
projects the parameter matrix’s outputs.

For simplicity of notation, the remaining derivation in this
section takes ¢, ¥ to be the identity; the extension to general
¢, 1 is clear. Then, the gradient of (4) is
VwLW) = Jf (Wa) [Vh(f(Wai) = yil e, (5)
i=1
where J is the Jacobian of f. Starting from this formula,
below we incorporate (1) by taking W = W, + BA.
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Freezing A. Freezing A = (@) yields

VBL(BQ + W) =

> JH(BQ + Wo)zi) [Vh(f(Wo + BQ)z:)) —yi] (Qui) T

i=1

(6

Like the least-squares case, the input data is projected by )
but the output y; is unaffected.

Freezing B. Freezing B = U yields
VaLWUA+Wy) =

UTS I (UA+ Wo)s) [VA(F((Wo + U A)es)) —yi] a7

=1

N

Here, the coefficient of ;] can be thought of as the output
fit term. It includes the Jacobian of f since f is applied
between the weights and the output. Compared to (5) and
(6), in (7) this output fit term is projected by U. If f is (near)
linear, then this projection will be (approximately) data-
independent, highlighting the loss of output information
when freezing B.

Hence, in this more general setting, the different roles of
A and B are still apparent, and we expect an asymmetry in
being able to fit the output.

Example: Logistic regression. For multiclass logistic re-
gression, we have a training dataset {(x;,¢;)}?, where
x; € R? (features) and ¢; € {1,..., K} (label). Denote by
y; € RX the vector with y., = 1 and y;, = 0 for k # ¢;.
The log likelihood is the cross-entropy error

n

K
Llwr,...,wg) =Y yiln(pix), ®)

i=1 k=1

exp(w,;r ;)

_exp(wy i) d
S exp(uw) 71) and wp, € R% Let W €

RE*d whose k-th row is wy,. Then, (8) becomes

where p; ,, =

LOV) =Y In(1Te"™) -y Wa;,
=1

where 1 is the column vector of size K with all elements
equal to 1; note y: 1 = 1 due to the one-hot structure. This
loss can be put in the form (4) by setting f(z) = z and
h(z) = In(1"e?). For freezing, we then have

VaLWUA) =U" Zn:(yi ~pi(UA)z]
VBL(BQ) = (yi — pi(BQ))(Qu:) ",

i=1

and

where p;(W) = %= € R¥. Freezing B = U, as in
least-squares, implies that each output y; is projected as
U Ty;, implying that, at best, the model can hope to only
learn outputs in the small random subspace U. In contrast,
freezing A = (@ is equivalent to logistic regression on the
full output with features projected by Q: {(Qx;,y;) } ;.

4.2. Advantages of tuning only B over B A together

In the previous section, we established that fine-tuning B
alone is typically superior to fine-tuning A alone. It remains,
however, to motivate fine-tuning B alone over fine-tuning
both A and B together. In this section, we show that the
reduced amount of adapted parameters by (roughly) half pro-
vides computational gains and improvements in information-
theoretic generalization bounds.

4.2.1. NUMBER OF PARAMETERS

The key benefit of LoRA is parameter efficiency, which
saves memory during training, storage and communication
(Lialin et al., 2023). Fine-tuning B alone as opposed to both
A and B reduces the number of parameters by a factor of

doiofdm , which equals 0.5 when d;,, = dgy;-

4.2.2. GENERALIZATION BOUNDS

Consider a learning task, where the training examples lie
in Z = X x Y; here, X denotes the feature space and
Y is the label space. Suppose one observes a training set
Sn, = (Z1,...,2,) € Z", with n i.i.d. training examples
from unknown distribution y. Denote by u®" = px ---x 1
the distribution of S,,. The objective of the learner is to find
a predictor f : X — ) that maps features to their labels.
We assume each predictor is parameterized by w € W (e.g.,
if f is a neural network, w denotes its weights). Denote
by A : Z™ — W the learning algorithm which selects a
predictor given S,,. A is, in general, a probabilistic mapping,
and we denote by Py s, the distribution of its output W
given input S,,. If £ : W x Z — R is a loss, we define:

Ryu(w) £ Ezepll(w, Z2)]

~ 1 <
R (w) = o Zé(w, Zi).
=1

Population risk:

Empirical risk:

The generalization error of A is

gen(i1, A) 2 Eqws, )~ Py s, xuen [Ry(W) = R (W))].

We bound this generalization error using the information-
theoretic generalization framework of Xu & Raginsky
(2017). Consider the following incarnations of fine-tuning
algorithms, corresponding to classic LoRA (tuning both
A, B matrices), tuning only B, and tuning only A:

Definition 4.4 (Fine-tuning algorithms). Let W =
{W;}E£ | be the L parameter matrices of a pretrained model.
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LetZ C {1,...,L} be a specified subset of the parame-
ter matrices to be fine-tuned. Given a fine-tuning training
set S, let r be a chosen rank and suppose each tuned pa-
rameter is quantized to ¢ bits. We define the following
algorithmic frameworks (other details can be arbitrary) for
choosing an adaptation AW = {A,;};c7, yielding a fine-
tuned Wtuned = {Wtuned,i}Z‘L:l with Wtuned,i = Wz + Az
for ¢ € 7 and Wiynea,; = W; otherwise:

* Apa: Foreachi € Z, constrain A; = B; A; and optimize
{Bi, A; }ie7 to fit the data S,,.

* Ap: For each i € Z, sample Q; € R’”Xd&) at random,
constrain A; = B;Q;, and optimize {B;};c7 to fit the
data S,,. _

* Ay: Foreach i € Z, sample U; € Rdff,f,,w at random,
constrain A; = U;A;, and optimize {4, };c7 to fit the
data S,,.

‘We have the following lemma, proved in Appendix C:

Lemma 4.5 (Generalization bounds on adapting A and/or
B). Consider the algorithms of Definition 4.4. Assume
that (WP (AW, 7) is o-sub-Gaussian* under (AW, Z) ~
PAW|W,b X . Then,

n :
1€L

2rqo21n?2 i i
jgen(s, Apa)] < ¢ S 4 d)),

n :
€L

2rqo21In?2 i
lgen(u, Ap)| < \/ TAZBEN A,

2rqo?1n2 i
lgen(u, A4)| < \/ ===l

n
€T

This generalization bound increases with the number of pa-
rameters being tuned, which is an increasing function of
r and the dimensions of the parameter matrices. Impor-
tantly, since tuning just one factor (A or B) involves tuning
fewer parameters than A and B together, the generalization
bound is correspondingly smaller. In the case where the
dE;) = d(oizt, the bound for tuning one factor only is a factor
of /2 smaller than the bound for tuning both factors, im-
plying that the rank r for .Ap could be doubled and have a
generalization bound matching that of Ap 4.

4.3. Discussion of theoretical analysis

The previous two sections establish two conclusions: (1)
Tuning A has limited importance when trying to match a
desired output; and (2) Tuning one factor instead of two
reduces the number of parameters for the same r, while
improving generalization bounds and potentially providing
memory benefits.

2Bounded losses are sub-Gaussian.

Given a fixed parameter count and generalization budget,
therefore, we can use a larger r = rp when fine-tuning B
alone than the rg 4 that would be used on standard LoRA
fine-tuning both A and B. This addition provides more
expressive power for the same number of parameters with-
out loss of generalization bounds. Hence, when matching
parameter or generalization budget, we expect that fine-
tuning a rank-rp B typically improves performance over
fine-tuning a rank-rg4 B A LoRA adaptation.

5. Experiments

We investigate the asymmetry of low-rank adaptation meth-
ods with RoBERTa (Liu et al., 2019), BART (Lewis et al.,
2020), Llama-2 (Touvron et al., 2023), and Vistion Trans-
former (Dosovitskiy et al., 2020). We evaluate the perfor-
mance of fine-turning strategies on natural language under-
standing (GLUE (Wang et al., 2018), MMLU (Hendrycks
et al., 2020)), natural language generation (XSum (Narayan
et al., 2018) and CNN/DailyMail (Chen et al., 2016)), and
multi-domain image classification (Gulrajani & Lopez-Paz,
2020).

We implement all algorithms using PyTorch starting from
the publicly-available Huggingface Transformers code
base (Wolf et al., 2019). The conventional LoRA method
applies a scaling coefficient a/r to AW. Following
LoRA (Hu et al., 2021), we fix a = 2r to be twice the
rank. Throughout our experiments, we use A to indicate ma-
trix A is being updated during fine-tuning and use subscripts
{rand, 0, km} to indicate that the matrix is initialized as a
random orthonormal matrix, zero matrix, and the random
uniform initialization used in the original LoRA, respec-
tively. Note that a properly normalized d x r random matrix
with independent entries will have close to orthonormal
columns when d > r (see e.g. Theorem 4.6.1 of Vershynin
(2020)), implying that the random orthonormal and random
uniform initializations should be essentially equivalent.

We compare to the following methods:

1. Full fine-tuning (FT): The most straightforward adapta-
tion method, which initializes model parameters with the
pre-trained weights and updates the whole model with
gradient back-propagation.

2. Linear Probing (LP) (Kumar et al., 2022): A simple
yet effective method that updates the last linear layer.

3. IA? (Liu et al., 2022): Injects learned vectors in the
attention and feedforward modules.

4. LoRA: (Hu et al., 2021) Fine-tunes both A and B ma-
trices of an additive BA adaptation as introduced in
previous sections, with a separate adaptation for each
query/key/value parameter matrix.

5. AdaLora: (Zhang et al., 2023b) A variant of LoRA that
adaptively changes the rank for each layer.
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Table 1. Different adaptation methods on the GLUE benchmark. We report the overall (matched and mismatched) accuracy for MNLI,
Matthew’s correlation coefficient for CoLA, Pearson correlation for STS-B, and accuracy for other tasks. Higher is better for all metrics.

Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA QNLI RTE STS-B Avg.
LoRA (r =8) 0.8%  [90.3107 95.61036 90.3 1085 644118 94.0020 84.11096 91.54+016 87.2
AdaLoRA 2.5% 1904137 959413 901454 675413 947120 854150 913419 87.9
(1A)3 0.7%  [90.0421 954117 83. 7113 57.64¢7 93.7107 703115 87.0194 82.5
LoRA-FA 0.3% [90.3106 95.6417 90.643 673423 93416 824114 91.24,9 87.3
BoArana (r = 8) 03% {90.1119 95.8429 89.7+13 67.5412 94.0127 82.8115 91.9.5 874
BoArana (r = 16) 0.8% [90.1420 96.14 13 90.7+ 99 66.117¢ 94419 84.1.96 91.2. 4, 87.5
BrandAg (7’:8) 0.3% 90~3i.18 95~5i.66 89.3i409 58.7i2,5 93~8i.21 77.li143 90-7i.3l 84.2
BrandAo (r =16)| 08% |89.9119 95.64 64 90.21023 60.3133 9394025 8044021 9094013 85.9

Table 2. Different initialization of classic LoRA, setting either A or B to be zeros. Note that the trained result is not sensitive to different
initializations, with performance differences tending to be smaller than the standard error.

Model & Method |# Trainable

Parameters| MNLI ~ SST-2 MRPC CoLA  QNLI RTE STS-B  Avg.
BoAy 0.8% [90.410.11 9591016 90.7108s 64.01050 9441016 8411015 91.8100.15 87.3
BoArana 0.8% (90.419.15 96.00.11 91.511; 64.11067 94.510.11 85.61096 92.0:031 87.7
ByAyg 0.8% 9031007 96.1+18 91.71033 649115 94.71933 84.84096 91.94019 87.8
B.anaAo 0.8% [90.31027 96.0426 90.81051 6601101 94.51035 83.6115 9204015 87.8

5.1. Natural Language Understanding

We use the General Language Understanding Evalua-
tion (GLUE, Wang et al., 2018) to evaluate the fine-tuning
performance of different fine-tuning strategies. The GLUE
benchmark contains a wide variety of tasks including
question-answering, textual similarity, and sentiment analy-
sis. We applied fine-tuning methods to the RoBERTa (large)
model (Liu et al., 2019), which has 355M parameters. To
enable a fair comparison, we initialize the weights for all
tasks with the original pretrained RoOBERTa weights.

In Table 1 (see the appendix for an expanded table), we
compare different freezing & initialization strategies with
LoRA and other baselines. We underline to indicate that
performance is better than conventional LoRA also we use
bold to denote the best performance when freezing one of
the matrices. First, we can see a clear trend where solely up-
dating the B matrix outperforms just learning the A matrix.
In addition, when doubling the rank to match the trainable
parameters, Bvorth consistently outperforms conventional
LoRA. This confirms our hypothesis in §4.3 that any loss in
expressive power by not tuning A can be made up for by the
larger intrinsic rank of B at no additional parameter cost. In
fact, its performance statistically matches that of AdaL.oRA,
which uses over 3 times the parameters (incurring the asso-
ciated memory and training costs).

To assess the effects of different initialization methods for
low-rank adaptation, we investigate different initialization
methods thoroughly in Table 2. We can see that the best

Table 3. R-1/2/L (%) on text summarization with BART-large
on XSum and CNN/DailyMail (* Here we report numbers from
(Zhang et al., 2023b)).

Method # Param.

XSum CNN/DailyMail
Full FT* 100 %|45.49/22.33 /37.26 44.16/21.28 / 40.90
LoRA (r=2)* 0.26 %|42.81/19.68 / 34.73 43.68 / 20.63 / 40.71

0.44 %|42.91/19.61 / 34.64 43.65 /20.62 / 40.72
0.44 %|42.37/19.30/34.29 43.38/20.36/40.48

0.44 %|43.78 / 20.47 / 35.53 43.96 /20.94 / 41.00
0.44 %|43.80 / 20.39 / 35.48 44.07 / 21.08 / 41.19

BOAra,nd,r:lG
BrandAO,r:Hi
BOArand,r:S
BrandAO.r:Z%

results always come from orthogonal initialization, which
further supports our conclusions in §4.

5.2. Natural Language Generation

To investigate the asymmetry of low-rank fine-tuning in
natural language generation (NLG), we fine-tune a BART-
large model (Lewis et al., 2020) and evaluate model
performance on the XSum (Narayan et al., 2018) and
CNN/DailyMail (Chen et al., 2016) datasets. Following
Zhang et al. (2023b), we apply low-rank adaptation to every
query/key/value matrix and report ROUGE 1/2/L scores
(R-1/2/L, (Lin, 2004)). We fine-tune models for 15 epochs.
We select the beam length as 8 and batch size as 48 for
XSum, and the beam length as 4, batch size as 48 for
CNN/DailyMail. More details of the configurations are
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Table 4. DomainBed results (mean accuracy and standard deviation in %). ID and OOD denote in-domain and out-of-domain test error,
respectively. For OOD we report the average performance across different environments.

Method # Param. VLCS PACS OfficeHome
(ID) (O0OD) (ID) (O0OD) (ID) (O0D)

LoRA ,—g 0.46% 7351410620 56434196 94941056 75.5841092 78.544149 T4.461040
LP 0.00% 75584166 T1.704104 81.624034 61.734125 58.384076 68.59+02
Full Fine-tuning 100% 76.21i1‘95 64.87i6.44 98-15i0.56 74~9Oi2443 80.67i1.22 63-23i0.64
]ASAmnd_,:g 0.29% 77404230 75814165 92451068 72554103 77.664080 77.724032
BA,andr=16 0.46% 79104141 75404124 93524020 73.764067 77.631084 77.851033
BirandAr—=s 0.29% 76.71 40093 72504080 92.021197 66251080 72.364060 73.604035

Table 5. Accuracy (%) on MMLU benchmark.

Method # Param. 5-shot

Hums STEM Social Other Avg
Llama-2-7B 100%(43.98 34.11 49.08 44.31 43.14
LoRA ;=32 0.24%|44.59 36.50 51.81 45.75 44.76
BoArand—32| 0.12%|44.17 36.00 46.88 45.14 45.36
BrandAor=32| 0.12%|44.36 35.93 51.46 46.85 4451

BoArand,r—ea| 0.12%]45.10 37.65 55.08 51.08 46.46

in the Appendix E.

The results are summarized in Table 3. In the first two
rows, we observe the asymmetry between the factors since
freezing A and only updating B always outperforms only
updating A. The last two rows show the results of tuning
both matrices with different initializations, showing that the
asymmetry is not explained by the initialization strategy.

5.3. Massive Multitask Language Understanding

We fine-tune the pretrained Llama-2-7B model (Tou-
vron et al., 2023) using instruction tuning on the Alpaca
dataset (Wang et al., 2023). We assess the asymmetry on the
MMLU benchmark (Hendrycks et al., 2020), which consists
of 57 distinct language tasks. As shown in Table 5, the
asymmetry also exists in larger language models, and up-
dating B consistently outperforms updating A. Moreover, it
also outperforms standard LoRA except for “Other” where
it matches the performance, reflecting the benefits of being
able to increase r without tuning more parameters.

5.4. Vision Transformers and Generalization

We next measure generalization, motivated by the theory
in §4.2. In particular, we work with ViTs in image clas-
sification tasks using the Domainbed testbed for domain
generalization (Gulrajani & Lopez-Paz, 2020). Domainbed
contains several datasets, each composed of multiple envi-
ronments (or domains). Classes in each environment tend

to be similar at a high level but differ in terms of style. We
fine-tune a pre-trained ViT, originally trained on ImageNet,
on the LabelMe, Cartoon, and Clipart environments within
the VLCS, PACS, and Office-Home datasets, respectively.
We employ different benchmark fine-tuning methods such
as full fine-tuning, linear probing, and LoRA, and compare
their performance to freezing either A or B in in-domain
and out-of-domain generalization. We adhere to the original
80% training and 20% testing splits.

Results are presented in Table 4. In line with our expec-
tations, randomly initializing and freezing matrix A while
only updating matrix B generally results in better out-of-
domain test accuracy. We report additional generalization
results in Appendix H, in which we compare the train set
and test set accuracy of the different approaches. We consis-
tently find that fine-tuning a single matrix leads to smaller
gaps between these two quantities compared to LoRA, par-
alleling the corresponding reduction in the generalization
bounds of §4.2.

5.5. Ablation study and analysis

We also observe the benefit of computational run time when
freezing the A matrix, even when doubling the rank. This is
because freezing matrix A means its gradients do not need
to be stored or computed, reducing the memory footprint
for gradients during the training. We provide additional
experimental results on multiple datasets to illustrate the
runtime improvement. Specifically, in table (6) we compare
the train samples per second of different PEFT methods on
multiple fine-tuning tasks.

Table 6. Train samples per second on various datasets

GLUE RTE GLUE SST-2

LoRA 4.71 4+0.03 227.62 +0.59
AdalLoRA 2.90 +0.11 88.14 +0.19

B (1=8) 7.29 4016 255.45 11338
B (I‘=16) 6.28 4+0.17 265.80 +12.13
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We also conducted a new ablation study to investigate
how different fixed A matrices will affect the performance.
Specifically, we use three initializations: (1) Columns depen-
dent on each other, (2) Rows dependent on each other, and
(3) a Banded matrix with a bandwidth equal to rank. As we
can see, the model struggled to learn anything when either
the columns and rows of A are correlated. Also, fixing A to
be a banded matrix leads to reasonable performance. Such
observation further agrees with our theoretical formulation
where we require the fixed A to be orthogonal.

Table 7. Different fixed A on RTE task

RTE
]}}’A(l) 509 4313
BiA(Q) 52.71 4319
Bi A(3) 83.51 4013
B Aygng (Ours)  84.1 133

6. Conclusion

In this paper, we formally identify and investigate asym-
metry in the roles of low-rank adapter matrices in LoORA
fine-tuning. The A matrices extract features from the in-
put, while the B matrices project these features towards
the desired objective. We illustrate differences between the
two matrices from both theoretical and empirical perspec-
tives. Our theoretical analysis explains the asymmetry in
the fine-tuning of large models and suggests that freezing A
as a random orthogonal matrix can improve generalization,
a claim we corroborate with experiments across multiple
models and datasets. Our work serves as an initial step to
unveil the mechanisms of fine-tuning large models, and it
provides an understanding that can benefit future research
directions, promoting efficiency and interpretability.
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A. Similarity Metric in Figure 1

To measure the similarity of learned A and B matrices we adopted a measure that accounts for the invariance of LoRA
fine-tuning. Let AW = BA denote the learned LoRA adapter. Since BA = BCC~! A for any invertible matrix C' € R™*",
we can define B = BC and A = C~' A resulting in the same LoRA adapter AW = BA. Thus, to measure the similarity
of LoRA matrices we need a metric that is invariant to invertible linear transformations, i.e., dissimilarity (B, BC') = 0 for
any invertible C'. In our experiment, we used Canonical Correlation Analysis goodness of fit (Ramsay et al., 1984), similar
to prior work comparing neural network representations (Kornblith et al., 2019). The key idea is to compare orthonormal
bases of the matrices, thus making this similarity metric invariant to invertible linear transformations.

More specifically, given two matrices X € R" "™ and Y € R"™ "2, the similarity is computed as follows:
|Uy-Ux ||%/ min{ry, 2}, where Ux /Uy is the orthonormal bases for the columns of X/Y . Following a similar method as
in Hu et al. (2021), for A we perform SVD and use the right-singular unitary matrices as the bases, and use left-singular
unitary matrices for B.

A.1. Reversed Initialization

The initialization of adapter matrices can play an important role in LoRA fine-tuning. To further investigate the effect of
initialization on asymmetry, we reverse the initialization compared to conventional LoRA, where A is initialized to zero and
B is initialized with random uniform distributions. Overall, we observe that the trend of differences also reverses, which is
expected given the significant role of initialization in training deep learning models.

When comparing the similarities of different initialization strategies, we can still draw the same conclusion about the
importance of the B matrix. For example, compared with Figure 2(a), the A matrices in Figure 2(d) have a smaller similarity
in average. Such difference can also be observed when comparing Figure 2(b) and 2(e).
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Figure 2. Similarity of learned LoRA matrices A & B across layers of a RoOBERTa model fine-tuned with different initialization and data
settings. We compare the results from both conventional LoRA initialization (In Figure (a), (b), and (c), A is initialized as random uniform
B is initialized as zero) and a reversed initialization (In Figure (d), (e), and (f), A is initialized as zero B is initialized as random uniform.
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B. Asymmetry Proofs for Multivariate Least Squares
B.1. Proof of Lemma 4.2
Consider freezing B = U where U is orthogonal (U ' U = I,.) and fine-tuning A. The objective becomes
A* = arg mjn L(A,U)
= argmin By, x,0.) [[Yiarg = (Wo + UA) Xiarg — oI5
= argmin E ||(Wearg Xtarg — WoXtarg) — UAXrargll3
= argminE [ U7 (Wiarg — Wo)Xeary +1) - AXtargl2
=UTA.
Interestingly, note that this solution A* does not depend on the distribution of X4, it is simply the projection of the
difference between the pretrained Wy and the target Wy,,.. This is because, intuitively, freezing B is projecting down the

outputs into r dimensional space, and then optimizing A to match these projected outputs. It can be shown that the expected
squared prediction error is

L(A*,U) = douro? + THI[AZAT] - Tr[UTAZA U],

where 3 = Cov[Xyqrg].

B.2. Proof of Lemma 4.1
Consider freezing A = Q where Q is orthogonal (QQ " = I,.) and fine-tuning B. The objective becomes
B* = arg mgn L(Q,B)
= arg mgn E(Yiary Xvarg) Yearg — (Wo + BQ)Xtarg”;
= argmin B || (Yiarg — WoXiarg) — B(QXtarg)|l3 »
which is simply an ordinary least squares regression problem mapping QX;4rg t0 (Yiarg — WoXiarg). The solution is

known to be

B =A%Q(Q¥Q")™
yielding an expected squared prediction error of
L(Q, B*) = doyio? + TI[ATAT] — Tr[QEATAZQ T (QZQ 7)1

Note that the solution is now clearly dependent on the distribution of X4, and the first two terms of the squared prediction
error are the same but the third term is different.

B.3. Proof of Theorem 4.3

Note that since X is positive semidefinite, its symmetric square root X'/2 exists and we can simplify the third term in the
expression for freezing A using the definition of the Moore-Penrose pseudoinverse (-)' and trace equalities as

Iy = TT[QSATAZQT(QEQ 7)1 = Ty[(ZV/2AT AR 2)(s1/2QT (@x!/2x1/2QT) ~1Qx'/?)]
= Te[(SY2ATASY2) (@) 1(QEY2))].

By the properties of the Moore-Penrose pseudoinverse, the matrix (QX'/2)(QX'/2) is a d x d orthogonal projection matrix
onto the span of the  rows of QX.1/2, i.e. we can write

QSA)NQDY?) = QEQs

13
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for some 7 x d orthogonal matrix Q)x. But note that as d/r, Hé‘)l) oo (Hanson-Wright inequality),
1
21/2 21/2 T I’r
TI‘(E) (Q )(Q ) —p 1r

where —,, denotes convergence in probability. In other words, in the limit % is close to orthogonal with high

probability, implying that its transpose approaches its pseudoinverse. Hence

1 )
1/2y\t 1/2 . 1/2\T 1/2\y —
) A, E[QEHHERT] = . A,y P @EHEEYT) = ra
/7 el 00 m e
e SPATA] | TATAT] _ A3
Tr[S2ATA]  Tr[AX2A A%
E[[II4] = r T =r T =r T )

Recall that on the other hand that ,
E[[1Ig] — aTr[AEAT].

Recall that we have assumed that the smallest nonzero eigenvalue of AXA T is > Tr[AXAT]/d. Then revisiting (9) above,

IAS|E _ r Tr[Z]T[AXAT]
Te[X] — d Tr[X]

— E[I11g] (10)

and the asymmetry is established.

Hence lim 4252, E[I114] > limg), o E[I11p], implying that freezing A to a random orthogonal matrix achieves
" T ()2
lower mean squared error loss than freezing B.

C. Proof of Lemma 4.5: Generalization Bounds
We use the following bound on the generalization error is from (Xu & Raginsky, 2017), specialized to our setting and
notation.

Theorem C.1 (specialized from (Xu & Ragmsky, 2017)). Denote by A a LoRA-based fine-tuning algorithm, which outputs
AW given S,,. Assume that {W-°(AW, Z) is o-sub-Gaussian under (AW, Z) Paww,b X p. Then,

2
gen(u,A>|s\/22I(AW; SulA,W). (11)

We consider the case of tuning B only first. Applying the above theorem, note that here

(AW; S, [Ap, W) = I({B;Qi }iez; Snl Ap, W)
= I({Bz}Z€I7S’n|AB7W)’

where we have used the data processing inequality (DPI), noting that the (); are here considered orthogonal fixed constant
matrices as they are not trained, hence the mapping from B; to B;Q; is invertible.

We can now bound this expression as
|({Bi}iez; SulAp, W) < H({Bi}iez)

< qr Z douta

i€L

where we have noted that mutual information is upper bounded by discrete entropy, and entropy in turn is upper bounded by

the uniform distribution over its possible support set (¢ bits in each of 7}, _, Out dimensions). The bounds for the other
two algorithms are similar.

14
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Table 8. Hyper-parameter setup for GLUE tasks.

Dataset‘learning rate batch size #epochs v t; Ap ity

MNLI | 5 x 1074 48 25 0.1 6000 100 50000
SST-2 | 5x 10~* 48 25 0.1 6000 100 50000
MRPC| 5x 1074 48 15 0.1 5000 100 85000
CoLA | 5x 107 48 15 0.1 5000 100 85000
QNLI | 5x 1074 48 15 0.1 5000 100 85000
RTE 5x 1074 48 15 0.1 5000 100 85000
STS-B| 5x 10~* 48 15 0.1 5000 100 85000

D. Natural Language Understanding Training Details

E. Text Generation Training Details

The configuration of our experiments on text generation is listed in Table 10.

Table 9. Hyper-parameter setup for summarization tasks.

Dataset ‘learning rate batch size #epochs v t; Ar
XSum 5x 1074 48 25 0.1 6000 100 50000
CNN/DailyMail| 5 x 1074 48 15 0.1 5000 100 85000

F. Llama-2 Training Details

Table 10. Hyper-parameter setup for summarization tasks.

Dataset‘learning rate batch size #epochs v t; Ap ity

Alpaca‘ 5x 1074 48 25 0.1 6000 100 50000
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G. Additional Language Results

See Table 11 for additional results.

Table 11. Different adaptation methods on the GLUE benchmark. We report the overall (matched and mismatched) accuracy for MNLI,
Matthew’s correlation coefficient for CoLA, Pearson correlation for STS-B, and accuracy for other tasks. Higher is better for all metrics.

Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA  QNLI RTE STS-B  Avg.
LoRA (r = 8) 0.8M|90.31 07 95.64036 90.31085 644115 94.04020 8411006 91.54016 87.2
AdaLoRA 2.5%[90.45 17 9594 13 90.11s4 67.5413 947+ 85415 913410 87.9
(1A)3 0.7%(90.04 5, 95.44 17 8371135 57.6467 937107 703115 870404 82.5
ByAy (r=28) 0.3M[90.1109 955101 90.8424 63.8442 942,14, 833417 9131, 87.0
By Arana (r = 8) 0.3M|90.14 19 958120 89.7413 67.5412 9401, 82.8415 91.9.,5 87.4
BoApm (r =8) 0.3M|90.11 17 956117 90.643 6731235 934,16 8244114 9121, 872
ByAg (r =38 0.3M89.31 15 9541013 88.8:070 59.1 1045 93.84015 77.5427 90.7127 94.9
BrandAo (r = 8) 0.3M|90.31 15 955166 89.3400 587425 93.812 77.1413 90713 85.1
BimAg (r = 8) 03M[345:16 952434 8934111 0.0400 93.0435 47310 9124, 64.4
ByAy (r = 16) 0.8M[90.21 17 958120 90.14s56 67.8440 945,07 82.8414 91.61, 875
By Arana (r = 16) 0.8M[90.11 50 96.1115 90.7400 66.1426 944,10 84.140 91214 875
By A (r = 16) 0.8M|90.3 106 956101 91.143 652451 945.0 817415 91.2139 87.1
By Ag (r = 16) 0.8M|90.3107 95415, 90441, 60.7+14 941130 80.1412 90.81, 86.0
BranaAo (r = 16) 0.8M[89.91 19 95.61 64 90.21023 603133 93.9:025 8045021 90.9:013 85.9
BimAg (r = 16) 0.8M[89.21 03 95.21 29 90.61065 404135 93.1:023 7031010 9141026 81.5
ByAy (r =38) 0.8M90.44 11 95.9.015 90.7 084 64.01050 9441016 84.11015 91.810015 87.3
By Arana (r = 8) 0.8M[90.44 15 96.0163 91.541; 64.141067 94.5:011 85.61006 92.01031 87.7
BoApm (1 =8) 0.8M|90.3 1 07 95.61036 90.31085 644115 94.04020 84.11006 91.51016 87.2
By A (r = 8) 0.8M[90.31 11 96.1115 91.751033 649115 94.71033 84.8:006 91.91010 87.8
BrandAo (r = 8) 0.8M|90.31 57 96.01 26 90.8:051 66.04101 94.5:035 83.6415 92.01015 87.6
BimAg (r = 8) 0.8M|(35.5416 95.6165 90.01046 21.3136. 93.82001 5744017 91.64043 69.3

H. Additional Vision Transformers and Generalization Results

Table 12 displays a more fine-grained version of Table 4 in the main text, and presents results for each out-of-distribution
environment independently, in which it is easier to appreciate the benefits of only updating B in terms of out-of-domain
performance. Additional results for Terralncognita, as well as generalization results, can be found in Table 13 and Table 14,
respectively. Terralncognita seems to be a particularly challenging dataset to which low-rank adapters struggle to fit; the
most effective method, in this case, appears to be full fine-tuning. In terms of generalization, we can observe that fine-tuning
only a single adapter matrix generally results in a lower difference between training set and test set accuracy compared to
standard LoRA for all datasets.

Table 12. DomainBed results (mean accuracy and standard deviation in %). ID and OOD denote in-domain and out-of-domain generaliza-
tion, respectively.

Method # Trainable Parameters VLCS PACS OfficeHome
(% full ViT params) Caltech101  LabelMe SUN09 VOC2007 Art Cartoon Photo Sketch Art Clipart Product Photo
(0OD) (ID) (O0D) (00D) (00D) (ID) (00D) (00D) (00D) (ID) (00D) (00D)
BArgna (r=8)  0.16M-02M (0.18-0.29%) 93.191527 7740173 61525150 7272118 81224140 92451565 96071086 40372083 73591050 77.664080 78021014 81.55:024
BAyana (r =16)  03M-04M (0.36-0.46%) 91571051 79101141 6097104 73.66:045 84361055 93521020 97.07047 39871000 73.64i040 77.63105s 78071020 81.85.036
BrandA (r=8)  0.16M-0.2M (0.18-0.29%)  87.184077 76711005 59891170 70445010 77.051075 92.021107 92061031 29.65:13 68361028 72361060 74001031 78.631045
BranaA (r =16)  03M-04M (0.36-046%)  89.28,,51 78.031125 6044515 70811036 81435000 93874075 95.63r1003 35.02:086 71.6410n4 73774113 75464025 8031i030
LoRA (r =38) 0.3M-0.4M (0.35-0.46%) 44591196 7351106 60441556 64.261107 8l4lig70 94944056 95431054 49904151 70441046 78544149 73.99i064 78.9510.10
Linear Probing 0.004M (0.00%) 90.654251  75.581166 53.741027 70.71i03s 67.664063 81.62403s 88.804143 28724170 64.561023 58381076 66.971043 T4.234+ 001
Full FT 86.4M (100%) 70.57 41513 76214195 57.144146 66901070 75524080 98.151056 89.5411835 59.63.1353 58.38.06s 80.671122 63.05:1085 68.271043

16



Asymmetry in Low-Rank Adapters of Foundation Models

Table 13. Terralncognita results (mean accuracy and standard deviation in %). All methods were trained for 20,000 steps.
Method # Trainable Parameters Terralncognita
(% full ViT params) L100 L38 L43 L46
(O0OD) (ID) (OOD) (OOD)

0.16M-0.2M (0.18-0.29%) 16.591750 79.881045 6.461125 10.96105,
0.3M-0.4M (0.36-0.46%) 1414145 80481099 7.741026 11.091976
0.16M-0.2M (0.18-0.29%) 12.8219g4 78.651057 3421031 7.24 1136
) 0.3M-0.4M (0.36-0.46%) 175841101 78.8910ss 8.411;ss 7.6210 56
LoRA (r =8) 0.3M-0.4M (0.35-0.46%) 41.36.594 8733113 13481519 7761169
Linear Probing 0.004M (0.00%) 13.821 50 69.8210936 10.064 45 13.904 49
Full FT 86.4M (100%) 38.331650 95.0513 14181533 19.50.1s3
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Table 14. Generalization results (train set - test set accuracy in %) for DomainBed.
Method # Trainable Parameters VLCS PACS OfficeHome Terralncognita
(% full ViT params) Caltech101 LabelMe SUN09 VOC2007 Art Cartoon Photo Sketch Art Clipart Product Photo L100 L38 L43 L46
(O0D) (ID) (O0OD) (O0OD) (O0OD) (ID) (O0OD) (O0OD) (O0OD) (ID) (0O0OD) (OOD) (O0OD) (ID) (O0OD) (O0OD)

02MM (029-0.%) 172220 11822121 28.09:20i 169807  1582:06s 3832070 5734z0m 1594z02s 118711 1Sliow 797505 64200055 091i0s 7433212 6982505
03M-04M (0.36-046%) 248100 99914 15435070 1292408 376200 5742000 16225005 1225012 18ligse 819505 6662115 0281105 73.02:02 69675050

i 0.2M-M (0.29-0.%) 0195085 10662080 16931019 19795066 481000 6709213 1773203 13732085 1208200 so6s 6586106 004s0e0  7527s050 T145:17
A(r=16) 03M-04M (036-046%) -1.50sass  9.75:085 27341207 16975001 15895006 344s05s 6230108 1520505 13075130 11385055 653068 62175141 0861006 71.34s10 72135015
LoRA(r=8)  03M-04M(035-046%) 5294rs5 24032016 37102325 33282160 18232074 470x05 4222043 4974214y 2607203 179711m0 2253400 1757202 41532050 1564024 154120 SL12s173
Linear Probing 0.004M (0.00%) S120350  304s3 2488104 T 17082013 3224040 396119 56032135 6021021 12204105 36ligs  365:010 55.07zg25 -0.82:03  5894ms 5510105
Full FT 86.4M (100%) 29.0351507 23400205 424Tiiss 3270207 244lis0s  L78i0ss 10381100 40300 40234045 17941136 35561000 30.35.053 5984i6ss 302002 8399231 T867i14
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