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Appendix A.1: Approximate Change of Out-
put Activation
In main paper, we introduce the approximate output change
after orthogonal adapter O(l)

t fine-tuning on the (t + 1)-th
task. In what follows we drop the layer superscript (l) and
let S(·) denote softmax operation.

∆ht+1 = ht+1 − ht

= S

(
Q (Kt+1)

⊤
√
d

)
·Vt+1 − S

(
Q (Kt)

⊤
√
d

)
·Vt

= S
(
Q(Wk

t+1)
⊤a⊤

√
d

)
·Vt+1 − S

(
Q(Wk

t )
⊤a⊤√

d

)
·Vt

= S
(
Q(Wk

t +∆Ok
t+1)

⊤a⊤
√
d

)
· a(Wv

t +∆Ov
t+1)

− S
(
Q(Wk

t )
⊤a⊤√

d

)
· aWv

t

= A · aWv
t + B · a∆Ov

t+1,

where

A = S
(
Q(Wk

t +∆Ok
t+1)

⊤a⊤
√
d

)
− S

(
Q(Wk

t )
⊤a⊤√

d

)
,

(1)

B = S
(
Q(Wk

t +∆Ok
t+1)

⊤a⊤
√
d

)
. (2)

Then, considering
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∥∥ is proportional to learning rate η, by selecting
a small learning rate, we can get ∥∆z∥ ≪ ∥z∥. Then con-
sidering
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where Si = S (z)i < 1 is the i-th component of S (z); ∆zj
denotes the j-th component of ∆z. Since ∂Si

∂zj
= Si(1−Sj)

if i = j and ∂Si

∂zj
= −SiSj , otherwise, we can obtain:

Ai = Si(1− Si)∆zi − Si

∑
j ̸=i

Sj∆zj

= Si∆zi − Si

N∑
j=1

Sj∆zj

≤ Si∆zi − Si min
j

(∆zj)

=

(
Si −

minj(∆zj)

∆zi

)
∆zi.

(5)

Similarly, we can get

(
Si −

maxj(∆zj)

∆zi

)
≤ Ai

∆zi
≤
(
Si −

minj(∆zj)

∆zi

)
.

(6)
Let Ai = γi∆zi such that

(
Si − maxj(∆zj)

∆zi

)
≤ γi ≤(

Si − minj(∆zj)
∆zi

)
, then we have A = Γ · ∆z where Γ =
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Since ∆z and ∆Ov
t+1 are small, we then get
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Combining A · aWv
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Appendix A.2: Major Change of ∆h
(l)
1

We aim to use gradient projection to mitigate forgetting,
similar to prior gradient projection schemes such as GPM
[2] and InfLoRA [1]. In practice, strictly performing or-
thogonal gradient descent can preserve previously learned
features but also restrict the subspace for fine-tuning on
new tasks. Therefore, these schemes typically set a thresh-
old value, such as ϵ = 0.95, to extract a subset of sig-
nificant core bases, selecting the top 95% of singular val-
ues to construct the feature subspaces. Although these CL
schemes cannot perfectly preserve previously learned repre-
sentations, a significant reduction in changes can effectively
mitigate forgetting.

Similarly, our DualLoRA extracts only the feature sub-
space relevant to the class token and performs gradient pro-
jection to reduce the change in ∆h

(l)
1 . We acknowledge that

we cannot keep the class token unchanged but aim to pre-
vent major changes to it. In the main paper, we simplified
the error which can be generalized as
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where

∆a(l) = ∆h(l−1) ·WFFN, (12)

∆Q(l) = ∆h(l−1) ·WFFN ·Wq, (13)

∆V(l) = ∆h(l−1) ·WFFN · (Wv +Ov) (14)

∆K(l) = ∆h(l−1) ·WFFN(W
v +Ok). (15)

In the above formula, WFFN denotes feedforward network.
Assuming ∆h
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1 = 0, then ∆a
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side, we consider

∆h(l) ≈ K + V, (16)

where K is relevant to the updates ∆Ok
t+1 while V is rel-

evant to the updates ∆Ov
t+1. For clarity, we omit the su-

perscript l and subscript t + 1 and recall that ∆h ∈ Rn×d,
a ∈ Rn×d, ∆Ok ∈ Rd×d, ∆Ov ∈ Rd×d, V ∈ Rn×d,
Q ∈ Rn×d, K ∈ Rn×d. Let consider the first term K,
(ignoring the constants),
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where Qi ∈ R1×d is the i-th row of Q. We randomly select
m samples for computing the layer-wise features set k(l) in-
cluding m varying Q1 vectors and extracting the core bases
Φk. By projection, we update ∆Ok by
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)
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Therefore, we can constraint K1, the first row of K, in
a small value close to zero. Similarly, let consider the
value of V . Let X = softmax
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where H is the Jacobian matrix defined as
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where pi is the i-th component of softmax
(

1√
d
Q1K

⊤
)

.
Therefore, the first row of V can be found as:
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where X1 ∈ R1×n, a ∈ Rn×d and Ov ∈ Rd×d. Simi-
larly, we can eliminate the fourth term since higher order
infinitesimal ∆K⊤∆a ∝ ∆h(l−1)(∆h(l−1))⊤ ≈ 0. Ac-
cording to our methodology, we collect feature set s(l) and
project ∆Ov to constraint
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In summary, if we guarantee the change of activation from
last layer ∆h(l−1) ≈ 0, then
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Although ∆a, ∆Ov and ∆K are not the same infinitesimal,
but ∆a ∝ η, ∆Ov ∝ η and ∆K ∝ η, where η is the
learning rate. Therefore,

∆h
(l)
1 ∝ η2. (27)

If η is sufficiently small, we can have a very small change
on ∆h

(l)
1 .

Appendix B.1: Experimental Details
In this section, we report hyper-parameters used in different
methods in Table. ??. In the table, we use η to denote learn-
ing rate; p denotes total number of prompts in the prompt
pool; e denotes length of prompts and k denotes the num-
ber of prompts needed to match input images; l denotes the
number of layer expanding parameters. For DualPrompt,
eE and eG denote the length of E-prompts and G-prompt,
respectively; lE and lG denotes the number of layers in-
structed by E-prompt and G-prompt. r denotes rank of
LoRA parameters; ϵ denotes the accumulated singular value
for extracting bases in SVD.

Appendix B.2: FLOPs Computation
In this section, we present formulas to estimate floating
point operations (FLOPs) to facilitate the comparison of
computational demands across different methods. For sim-
plicity, we concentrate on matrix multiplication and disre-
gard operations with minor computational costs, such as
addition, dropout, normalization and computing activation.
For two matrices A ∈ Rm×n and B ∈ Rn×p, the FLOPs
for multiplication can be found as 2mnp.

Forward Pass in ViT
Multi-Head Attention. Computation in multi-head atten-
tion block involves in
• Obtaining Q, K and V by multiplying x with Wq , Wk

and Wv . Since x ∈ Rb×n×d, Wq,Wk,Wv ∈ Rd×d,
FLOPs in this step can be found as:

FLOPs = 3 · 2 · bnd2 = 6bnd2, (28)

where b is batch size, n is length of sequence and d de-
notes the dimension of embedding.

• Computing attention score S by multiplying Q and K.
FLOPs in this step can be found as :

FLOPs = 2bn2d. (29)

• Computing output signal h by multiplying S and V,
FLOPs in this step can be found as :

FLOPs = 2bn2d. (30)

• Linear projection on the same shape with h, FLOPs in
this step can be found as:

FLOPs = 2bnd2. (31)

Overall, the total FLOPs needed each MHA block for one
batch is 8bnd2 + 4bn2d.

The Feedforward Network (FFN). There are two linear
projection for decoding and encoding output signals h in
FFN. Suppose the ratio is set to 4, the FLOPs can be found
as:

FLOPs = 2 · 8bnd2 = 16bnd2 (32)

Since ViT model does not need to compute word embed-
ding in the output layer for each block, we do not consider
computation in this part. Suppose there are L blocks in the
ViT model, the total FLOPs needed in the forward pass of
ViT can be compuated as FLOPs = L(24bnd2 + 4bn2d).

Backward Pass in ViT
The FLOPs required for the backward pass are simply dou-
ble those needed for the forward pass with the same model.
There, the FLOPs needed for backward pass can be found
as:

FLOPs = 2L(24bnd2 + 4bn2d) (33)



Table 1. List of Hyper-parameters used in different schemes.

Method Hyper-parameters
L2P η : 0.03 (ImageNet-R, CIFAR100, Tiny-ImageNet)

p : 30 (ImageNet-R, CIFAR100, Tiny-ImageNet)
e : 20 (ImageNet-R, CIFAR100, Tiny-ImageNet)
k : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)
l : 1 (ImageNet-R, CIFAR100, Tiny-ImageNet)

DualPrompt η : 0.03 (ImageNet-R, CIFAR100, Tiny-ImageNet)
p : 5 (5 Tasks), 10 (10 Tasks), 20 (20 Tasks)
eE : 20 (ImageNet-R, CIFAR100, Tiny-ImageNet)
eG : 6 (ImageNet-R, CIFAR100, Tiny-ImageNet)
k : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)
lE : 3 (ImageNet-R, CIFAR100, Tiny-ImageNet)
lG : 2 (ImageNet-R, CIFAR100, Tiny-ImageNet)

PGP η : 0.05 (ImageNet-R, Tiny-ImageNet), 0.03 (CIFAR100)
p : 5 (5 Tasks), 10 (10 Tasks), 20 (20 Tasks)
eE : 20 (ImageNet-R, CIFAR100, Tiny-ImageNet)
eG : 6 (ImageNet-R, CIFAR100, Tiny-ImageNet)
k : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)
lE : 3 (ImageNet-R, CIFAR100, Tiny-ImageNet)
lG : 2 (ImageNet-R, CIFAR100, Tiny-ImageNet)

SPrompt η : 0.0005 (ImageNet-R, CIFAR100, Tiny-ImageNet)
p : 5 (5 Tasks), 10 (10 Tasks), 20 (20 Tasks)
e : 10 (ImageNet-R, CIFAR100, Tiny-ImageNet)
k : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)
l : 1 (ImageNet-R, CIFAR100, Tiny-ImageNet)

CodaPrompt η : 0.0005 (ImageNet-R, CIFAR100, Tiny-ImageNet)
p : 100 (ImageNet-R, CIFAR100, Tiny-ImageNet)
e : 8 (ImageNet-R, CIFAR100, Tiny-ImageNet)
k : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)
l : 5 (ImageNet-R, CIFAR100, Tiny-ImageNet)

InfLoRA η : 0.0005 (ImageNet-R, CIFAR100, Tiny-ImageNet)
r : 10 (ImageNet-R, CIFAR100, Tiny-ImageNet)
ϵ : 0.95 ( CIFAR100), 0.98 (ImageNet-R, Tiny-ImageNet)
l : 12 ( CIFAR100), 0.98 (ImageNet-R, Tiny-ImageNet)

DualLoRA η : 0.0005 (ImageNet-R, CIFAR100, Tiny-ImageNet)
r : 10 (ImageNet-R, CIFAR100, Tiny-ImageNet)
ϵ : 0.95 (ImageNet-R, CIFAR100, Tiny-ImageNet)
m : 200 (5 Tasks), 150 (10 Tasks), 100 (20 Tasks)
λ : 2 (CIFAR100, 10-Split ImageNet-R), 1.5 (5-Split ImageNet-R, Tiny-ImageNet)

1.2 (20-Split ImageNet-R)
l : 12 ( CIFAR100), 0.98 (ImageNet-R, Tiny-ImageNet)

Singular Value Decomposition

SVD of a matrix A ∈ Rd×m typically involves two phases:
(1) reduction to bidiagonal form and (2) performing the de-
composition using the Golub-Kahan algorithm. The second
phase is iterative, making it difficult to determine the exact
FLOPs required. However, we focus on the FLOPs needed
for the first phase, as it dominates the overall computational
cost. According to the textbook [4], the FLOPs for the first
phase can be found as

FLOPs = 2dm2 + 11m3. (34)

Forward Pass in LoRA module
LoRA parameters are assigned parallel to the pre-trained
weights Wk and Wv causing additional FLOPs to forward
the signals. Since LoRA parameters for each per-trained
weight consist of A ∈ Rd×r and Br×d , the additional
FLOPs can be found as

FLOPs = L · 2 · 2 · 2bndr = 8Lndr (35)

Forward Pass in DualLoRA module
Compared to original LoRA, DualLoRA assigns an addi-
tional residual adapter parallel to the value weight Wv .



Therefore, the addintional FLOPs in DualLoRA can be
found as

FLOPs = L · (2 + 1) · 2 · 2bndr = 12Lndr (36)

Overall FLOPs in L2P
During the training and inference phases, L2P [6] first for-
wards image tokens to the original pre-trained encoder to
obtain the key needed for matching prompt vectors in the
prompt pool. Then, the selected prompt vectors are con-
catenated with the image tokens and forwarded into the en-
coder again. Therefore, the forward pass computation needs
to be counted twice. For simplicity, we ignore the compu-
tation needed in the minimizing problem to select the top
k prompt vectors because the FLOPs is depending on the
optimization algorithm. Therefore, we can getting a lower
bound for the overall FLOPs in L2P. For training phase, the
overall FLOPs for a batch data can be found as

FLOPs ≥ 3 · L
(
24b(n+ ke)d2 + 4b(n+ ke)2d

)
+ L

(
24bnd2 + 4bn2d

)
,

(37)

where e is the length of prompt vectors. And the overall
FLOPs for the inference phase can be found as:

FLOPs ≥ L
(
24b(n+ ke)d2 + 4b(n+ ke)2d

)
+ L

(
24bnd2 + 4bn2d

) (38)

Overall FLOPs in DualPrompt
DualPrompt [5] has a workflow similar to L2P but processes
prompt vectors in only a subset of layers. For simplicity, we
ignore the matching algorithm in DualPrompt and estimate
the lower bound of the overall FLOPs. Therefore, the over-
all FLOPs can be calculated as follows:

FLOPs ≥ 72Lb(n+
2eG
L

+
3keE
L

)d2

+ 12Lb(n+
2eG
L

+
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L

)2d+ L
(
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)
,
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where eG is the length of G-prompts and eE is the length of
E-prompts. Similarly, for inference phase:

FLOPs ≥ L
(
24b(n+ eG + keE)d

2 + 24bnd2 + 4bn2d
)

+ 4Lb(n+
2eG
L

+
3keE
L

)2d.

(40)

Overall FLOPs in CODAPrompt
CodaPrompt [3] requires significantly more FLOPs for op-
timizing the prompt keys and prompt pool. However, quan-
tifying the exact number of FLOPs is challenging due to
its dependence on the minimization algorithm. In addition
to this computation, CodaPrompt increases the size of the

matching prompt vectors for the first l layers. Therefore,
the lower bound for the overall FLOPs in the training phase
can be estimated as follows:

FLOPs ≥3 · l
(
24b(n+

1 + l

2
ke)d2 + 4b(n+

1 + l

2
ke)2d

)
+ 3 · (L− l)
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)
+ L
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.
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And the overall FLOPs for the inference phase can be found
as:

FLOPs ≥l

(
24b(n+

1 + l

2
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2
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)
+ (L− l)
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,
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Overall FLOPs in InfLoRA
To obtain the gradient subspace for each task, InfLoRA [1]
requires forwarding the entire training dataset through the
model and performing SVD on the collected average gradi-
ent. Additionally, InfLoRA forwards the data through the
model once more for parameter updates. Therefore, there is
also twice FLOPs in forward pass in the training phase but
only one forward pass in the inference phase. Combing the
FLOPs in forward pass, LoRA pass and SVD, the overall
FLOPs in the training phase can be found as

FLOPs = 4L
(
24bnd2 + 4bn2d

)
+8Lndr+13Ld3, (43)

And the overall FLOPs for the inference phase can be found
as:

FLOPs = L
(
24bnd2 + 4bn2d

)
+ 8Lndr, (44)

Overall FLOPs in DualLoRA
Since DualLoRA does not require forwarding the training
data twice during training, the overall FLOPs in the training
phase can be found as

FLOPs = 3L
(
24bnd2 + 4bn2d

)
+ 12Lndr

+ L(2dm2 + 11m3),
(45)

And the overall FLOPs for the inference phase can be found
as:

FLOPs = L
(
24bnd2 + 4bn2d

)
+ 12Lndr, (46)
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