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Figure 1: The illustration of CHILD-TUNING. Left:
It forwards on the whole network while backwarding
on a subset of network (i.e., child network). Right:
To achieve this, a task-free or task-driven mask is per-
formed on the gradients of the non-child network, re-
setting them to zero (grey diagonal grids).
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Theorem 2. Suppose w( denotes the pretrained
parameter; k is the number of parameters; W de-
notes the local minima the algorithm converges
to; p is the greatest eigenvalue of the Hessian
matrix on w, which indicates the sharpness. If
Aw ~ N(0y,021}), when the following bound
holds, the algorithm can converge to the local min-
ima w with high probability,

L
o2

p<0(5) ®)

Suppose the prior over parameters after training
is P = N(wy, 021y), the following generalization
error bound holds with high probability,

bound(w) < O(kag_”:;wow) +R 9

where R is a term not determined by o.
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Require: wy: initial pretrained weights; £(w):

M(i):{l, ()ECt

t 0 th) ¢ Cy i
oL

Wii1 :Wt—n%QMt .

Wi
5:
6:
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|C|+|C| 12:
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stochastic objective function with parameters
w; 7): learning rate; (1, 82 € [0,1): exponen-
tial decay rates for the moment estimates;

. initialize timestep ¢ < 0, first moment vector

myg < 0, second moment vector vy < 0
while not converged do
t+t+1
/! Get gradients
-
/] Get taskffree/task-driven child network
C; < GetChildNetwork()
/| Generate a corresponding gradient mask
M, + GenerateMask(C;)
/1 Employ mask for gradients
gt < gt © M,
m; < B -my_1 +(1-51) - g
Vi Bo-vi1+ (1 - Ba) - g7
/I Bias correction
iy < my/(1 - ff)
Vi Vt/(l — ,Bé)
/!l Update weights
Wi < W1 — 1 - 1/ (VO + €)
end while
return w;
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Figure 2: Projection discontinuity problem.

mgn/l(é?)
st. (I = M)(©O—6°)° =0,

L= mgnm)z\ix/.'(e) + || (I = M) (6 — 6.

Lp = min £(0) + [|(T = M)(0 — 6°)|* < L.

Pointwise Hypothesis Stability

Es,inU(n) [[€(A(S"), 2:) — L(A(S), z:)] < €.

Theorem 1 (Stability). If the loss function £ is p—Lipschitz, A(S?) is close to A(S), the Hessian matrix
V2L(A(S)) at A(S) is positive-semidefinite with a singular value decomposition U diag(A)U~1, A =

{A1, -+ A} and Apyin, = min{Aq,---, Ay, }, then the expectation of the loss EyLg has a pointwise
hypothesis stability as:

i 2p2
Es inv(m[(A(S), 20) = UAS), )]l < g7~y ©

Theorem 2 (Generalization). We denote the generalization error as R(A,S) = E.£(A(S), z) and the

empirical error as R(A, S) = LS 1 L(A(S), 2). Then, for some constant C, we have with probability
1-34,

24Cp?

~ C? + A—Hh
R(A,S) < R(A,S) + ;"n"é . @)
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AO,M
st. ||Mllo=mp]; M =0,Vi#j; M e{0,1}, st. ||Mlo=|mp]; M;;=0,Vi#j; M, e{0,1}.

Yao et al., 2021b,a) of approximating the Hessian matrix with a|diagonal matrix denoted as H = |
| diag{hi, ho,--- ,hyn}. |We also assume that H is positive semidefinite as the pre-trained weights

Vv L(6°)2 o\ .
> | —=5—2|) > m— [mp)), where V L(0°); is the ith element

W m N.L(0%)
Theorem 3. If M;; = 1(37, 1(| V5
of the gradient vector V L(6°), then
inf L(6° + MAG) < inf L(6° + MAS). 9)

Ab,||M|lo=[mp];
M;;=0,Vi#j;M;; €{0,1}
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What is the sentiment of the following paragraph?
Option: very negative, negative, neutral, positive,
very positive

I love Bocchi the Rock!! I have watched all the
three seasons in one night!! No episodes missed!!
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A = [a%,af,...,a:]

1 2 T
U = span{a;, af, ..., a; }

<u,w>=0,Yuel,weW.

Oir = Al A; = 0.
t—1
Z logp@(y | :U) + A1 Z Lorth(Ai, At)
z,y€Dy 1=1

Lortn(Ai, A)) = Y [|0il, k||
3.k

¢
Winit := Winit + Y _ AiB;.

1=1
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we use hyperspherical energy to characterize the pairwise relational structure among neurons. We
hypothesize that a good finetuned model should have a minimal difference in hyperspherical energy
compared to the pretrained model.

B i @ z-wx
= [l — i §
vy Con Deconvolution (b) Z—||w||||x||
(c) z=cos(6)

Feature map z

rré‘i,n||HE(W)—HE(W0)| & min

D i =y 7F = Y flay — g7

i#] 1]

z=Wza=R- W)z, st RRR=RR" =1

R=(I+Q)I-Q)™"

R; € O( %) (a) Inner product  (b) Magnitude () Angle

R = diag(R1,R2,--- ,R,) = € 0(d) Figure 2: A toy experiment to demonstrate the impor-

R, €0(%) tance of angular information. The autoencoder is trained
in a standard way using inner product activation, and (a)
shows the standard reconstruction. In testing, the angular
information of neurons alone can well recover the input

z=Wza=R- W)z, st RRR=RR"' =1, |[R—1I|<c¢ : . : A
image, even if the autoencoder is not trained with angles.
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Figure 4: (a) Original OFT without a diagonal structure. (b) OFT with r diagonal
blocks of the same size. When r = 1, the case of (b) recovers the case of (a).
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Continual Learning with Low Rank Adaptation
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Inference As the dataset identifier D is not available at inference time, we use a simple unsuper-
v1sed method [31] to 1nfer it. We estimate k dataset prototype vectors for each dataset D at training

k-means on those feature embedd S. We store the k cluster centers which serve as repre
or dataset D). At inference time foj r an instance x, we estimate the cluster center which s nearest
to h(x). [Then, we use f5 to make the prediction for x, where D is the dataset corresponding to the
nearest cluster center.
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7> « n > - n > d - n >
. f 4 b
I B R4 Id/ 4 3.2. Givens Rotation
Pretramed : R 2 P.rEtramEd i In numerical linear algebra, a Givens rotation (Press, 2007,
d A Low-Rank + d!| Weight Matrix | 4 Orthogonal x Weight Matrix |d Section 11.3.1) is a rotation in the plane spanned by two
Matrix AB w Matrix R W coordinate axes. Algebraically, a Givens rotation is repre-
sented by an orthogonal matrix of the form:
Ry
4 N \ : . - = : : 4 M1 e Q0 --- 0 cee 0]
(a) LoRA Additive Fine-Tuning (b) OFT Multiplicative Fine-Tuning Coe : :
0 --- cos@ --- —sinf --- 0
Figure 1. LoRA and OFT Reparameterization Tuning Methods. Glig:0) = : LR
.. Sln .. COS ...
Theorem 4.1. Given any vector x € RY, there always 0 - 0 0
. . . . d—1 1)
exist d — 1 Givens rotations {G (’&k, Jk; 0 k)} fd that can where cos 6 and sin 6 appear at the intersection positions
transform x to any vector y € R? on the same sphere with of i-th and j-th rows and columns, and the other non-zero
. d—1 ] - . . 2 2 entries are at the diagonal with all 1s. In other words, the
Z, lL.e., Hk:l G(Zkajk, ek)w = y, satisfying ||y||2 = ||$| |2- non-zero elements gy, in G(i, j; ) are given by:
gkk =1, for k # 4, 5;
grk = cos b, for k =1, 7; )]
Sl A 3 2\ S N N gij = —¢gi; = —siné.
SRR O(d?), R H —F O(d )M T3 7% T



- Parameter Efficient Quasi-Orthogonal Fine-Tuning via Givens Rotation
preprint arXiv:2404, cite = 2

— Soft quasi-Givens OFT
' Strict Givens OFT -
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Figure 2. Our proposed method: quasi-Givens Orthogonal Fine-Tuning (QGOFT). The left subfigure denotes the strict GOFT which
applies d — 1 Givens rotation to left-multiply with the pretrained weight matrix, where (a) and (b) depict the sequential and parallel

d—1 2
rotation manner, respectively. The right subfigure illustrates how qGOFT works, where each Givens rotation in GOFT is substituted with _S_ :2: 1 (al b) IB 7 )
a quasi-Givens matrix for norm and angular relaxation.
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Algorithm 1 The fine-tuning and testing procedure of a pre-trained model with (q)GOFT.

1: Input: Training dataset D, Frozen Pretrained model M, Tunable quasi-Givens Rotation Matrices G = [a*, B7]
denoting the ¢-th quasi-Givens Rotation of the n-th linear layer.
Training Stage:
Initialization: G} := I.
for each iteration do
Randomly draw a mini-batch of samples from the training set D;
Parallel rotating the weight matrix W™ of the fine-tuned linear layers in M using Eq.(3)
Conduct forward pass using Eq.(4).
Calculate loss function £ = Ly + XY, > (o, B7)?;
Update quasi-Givens rotation matrices G’? with VL.
end for
: Test Stage:
: Merge Delta Weights: Update all the tuned linear layers W™ in M with W = ([[,. P )W™.
: for each sample x in test set do
Inference using original forward function with W.
: end for
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Proposition 1. Starting from the old inputs from previous tasks
x; have the same outputs after learning a new task, we have:

fo (Pey1, ) = fo (0, 7). 8)
Zt;l-l L= Di+1
t T
Qi“ KfHT

A = softmazx(

)
()

| . .
AR A SR/ I/

T _ T
Pt+1Pty+1 = PtDPy >
T T
TtPiy1 = TtPy »

T T
Pt+1Ty = PtTy -

Pe+1PE 1 = (P + Ap)(pe + Ap)T
= pp} + peApT + Appl + ApApT.

Gradient Projection For Parameter-Efficient Continual Learning

Hypothesis 1 (zero-forgetting ideal condition). The old
inputs from previous tasks have the same outputs with parameters
trained at old task and parameters after learning a new task.

xtp$+1 = mt(pf + APT) = xtp? + xtApT = Ll,'tpz-‘.

:BtApT = Oa
ptApT = 0.

X1 O

SVD: 2, = U,;S, VT, %, = [ 5 s

] Vi = Vi, Viol

P 0,
z¢[Vi1, Va0l = Uy [ 31 5, o] z:Vio = Uy [Z?o] ~ O.

Let Ap = ApV; oV;}y, we can get:
T
nAp” = 2 (ApVioVih) = 2:VioVioAp” = 0.

ptAp = Pt(VE,OVt%Ap) =0
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Fig. 3: Flowchart for Prompt-based continual learning Fig: 5: Flowchart for Prefix-based continual learning.
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Fig. 7: Flowchart for LoRA-based continual learning.
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