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Map of Transformer PEFT methods

Figure: The evolutionary development of PEFT methods in recent years.
[Xu+23]
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Properties

Adequate performance

Number of elements new parameters should be less than the
ones in the original network

TPEFT << TFFT
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Residual Adapter

Concept of Adapters/PEFT traces its origin back to CNN-s.
[RBV17]

But it hasn’t been investigated to the same degree as PEFT
for Transformer architecture.

But one can capitalize on pre-existing research and produce
similar variations of some basic forms of adaptation, with
caveats, of course.



Parameter-Efficient Transfer Learning for CNNs

Injecting New Parameters Using Separate Layer

Retain original set of parameters as is and inject new ones

keep original layer f (z ,Θ) intact

introduce new layer g(ζ,Φ) dependent new parameters

Combine those in dimensionally consistent way yields the new
value, that’ll be used as a substitute

We can use

1 serial: f (z ,Θ) + g(f (z ,Θ),Φ)

2 parallel: f (z ,Θ) + g(z ,Φ)
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Example of serial arrangement: Residual Adapter

* - convolution operator

BN - Batch Norm

[·]+ - ReLU
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Residual Adapter: Reported Results
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Example of parallel arrangement: CHAPTER Adapter

This adapter was designed
for HuBERT to additionally
fine tune the embedding
layer alongside the rest of
transformer blocks [CSL23]

It hasn’t been verified in a
pure CNN setting

But the type of convolution
is interesting
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CHAPTER Adapter: Reported Results

speaker identification (SID)

speaker diarization(SD)

emotion tasks (ER)
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Possible Combinations

Arrangements:

1 Serial
2 Parallel

Type of 1D convolution

1 Matching in and out channel count
2 Copy & concatenate
3 Group convolution

Learned scaling parameter λ [He+22]

1 Used

2 Not used

f (z ,Θ) + g(f (z ,Θ),Φ, λ) and f (z ,Θ) + g(z ,Φ, λ)
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Keeping Original Architecture Intact

Alter only the weights W +∆W and b +∆b

W +∆W variation on LoRA∗ [Hu+21]

b +∆b bitfit [ZRG22]

* There’s no singular-established method of doing this
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Quick/Simplified View of LoRA

The idea’s quite simple, one
needs to create ∆W ∈ Rd×d of
rank r << d .

Take A ∈ Rd×r ,
B ∈ Rr×dandλ ∈ R;
Take ∆W = λAB.
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Issue with Convolution Kernels

Corresponding object ∆W for convolutions is not necessary a
matrix

∆W ∈ Rcout×cin×k1×k2

There are two ways of going about this either:

1 Use tensor decompositions

2 Reframe ∆W as a matrix in Rcout×(cin·k1·k2)
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Compressing CNNs

Event though there’s no method for producing low rank
adaptation, there are methods to produce low rank
approximations to CNN kernels [Pha+20]

There are 3 methods of doing Thais CPD, TKC and
CPD-TKD
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Stable Low-rank Tensor Decomposition for Compression of
Convolutional Neural Network - Reported Results
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Canonical Polyadic Tensor Decomposition (CPD)

∆Wi ,j ,k =
R∑

r=1

Ai ,rBj ,rCk,r
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Tucker Decomposition (TKD)

∆Wi ,j ,k =

R1∑
r1=1

R2∑
r2=1

Ui ,r1Gj ,r1,r2Vk,r2
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Combined TKD-CPD

∆Wi ,j ,k =
R∑

r=1

R1∑
r1=1

R2∑
r2=1

Ui ,r1Ar1,rBr2,rCj ,rVk,r2
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Using LoRA directly

But if we take a closer look at the dimensionality of kernels
(cout , cin, k1 · k2), we see that kernel dimensions are lumped
together

If we continue this process, we can further reshape it into
(cout , cin · k1 · k2) the point where LoRA is applicable



Parameter-Efficient Transfer Learning for CNNs

Thank You
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