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Visual Prompt Tuning (VPT) is a parameter-efficient fine-tuning technique $ tuncd 5 frozen 80[ » BPT vs. VPT vs. SPT
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(b) Prompt length. Increasing length
further improves accuracy.

(¢c) Prompt width. BPT-bilinear learns more
compact prompts with higher accuracy.

(a) Learning “bursty”™ prompts by our BPT methods outperforms

BPT-bilinear |
prior arts VPT and SPT. Refer to Fig. 1 for “bursty” distributions.

that learns a small set of parameters 1n the input space, known as prompts,
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and pre-training objectives.

tuning W when learning prompts P.
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Burstiness phenomenon: a small portion of W, W7 X” have very large 3 T > W,W7 distributions at different layers
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absolute values (b).

» Non-Gaussian distributions: values of W,W; follow a hyper-Laplacian

distribution (c), and values of patch embedding X follow a Laplacian

distribution (d).

«  We are motivated to apply whitening to W, W7 X%, transforming 1t to be

more Gaussian before prompt learning. Interestingly, this produces

“bursty” prompts (f), but significantly accelerates learning, boosts

accuracy (1i).

40)

i B — VPT|— BPT 20

number

0920

T

40 _
VPT prompt index

60 &80

4{]

60 80 100
| prompt index

fffff

2000 3000 4000

0 1000

Affects on optimization by BPT. We track prompts’ gradients norm and
max values 1n optimization iterations. Compared with VPT, whitening
helps BPT (left) produce more stable gradients and larger values 1in learned

prompts, (right) BPT produces more de-correlated prompts than VPT.
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