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The Need for Prompt Learning

* Large VLMs (e.g., CLIP) are powertful

but expensive to adapt

* Full Fine-Tuning 1s parameter-
inefficient, prone to overfitting, and
requires storing a full model copy for
every task
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The Need for Prompt Learning

 Manual Prompting ("a photo of a...") 1s brittle

* A small change in wording can cause huge performance shifts

Caltech101 Prompt
a [CLASS].

a photo of [CLASS].

a photo of a [CLASS].

(a)
Describable Textures (DTD) Prompt
e a photo of a [CLASS].

[CLASS] texture.

(c)

a photo of a [CLASS] texture.

Accuracy
82.68

80.81

86.29

Accuracy
39.83

40.25

42.32

Flowers102

EuroSAT

Prompt
a photo of a [CLASS].

a flower photo of a [CLASS].

a photo of a [CLASS], a type of flower.

(b)
Prompt
a photo of a [CLASS].

a satellite photo of [CLASS].

a centered satellite photo of [CLASS].

(d)

Accuracy
60.86

65.81

66.14

Accuracy
24.17

37.46

37.56



The Need for Prompt Learning

* Prompt Learning is the parameter-efficient solution

freeze the VLM and learn the best prompts from data

Caltech101

Prompt
a [CLASS].

a photo of [CLASS].
a photo of a [CLASS].

[V]1 [V]; ... [VIm [CLASS].
(a)

Prompt
a photo of a [CLASS].

a photo of a [CLASS] texture.

[CLASS] texture.

[V]1 [V]: ... [VIm [CLASS].
(c)

Accuracy
82.68

80.81
86.29

91.83

Accuracy
39.83

40.25
42.32

63.58

Flowers102

EuroSAT

Prompt
a photo of a [CLASS].

a flower photo of a [CLASS].
a photo of a [CLASS], a type of flower.

[VI1 [V]> ... [VIm [CLASS].
(b)

Prompt
a photo of a [CLASS].

a satellite photo of [CLASS].
a centered satellite photo of [CLASS].
[V11 [V]; ... [VIm [CLASS].

(d)

Accuracy
60.86

65.81
66.14

94.51

Accuracy
24.17

37.46
37.56

83.53



Approach 1: Textual Prompt Learning

* Learns continuous vectors (prompts) in the text embedding space

These learnable prompts are fed only to the Text Encoder

The Image Encoder 1s completely frozen and unchanged

Limitation: This uni-modal approach 1gnores the vision branch entirely during adaptation
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Approach 2: Visual Prompt Learning

* Learns continuous vectors (prompts) in the image patch space.

These visual prompts are prepended to the image patch tokens and fed only to the Image
Encoder.

The Text Encoder 1s completely frozen and unchanged
Limitation: This uni-modal approach 1gnores the language branch entirely during adaptation

“This is a photo of a dog.”

Image
Enco?ler - 11 Il T\ - T, - I, - Ty
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Text Prompt
cat R - y Text
This is a photo of a [object].” | — Enci)der
bird




Approach 3: Multi-Modal Prompt Learning

* Learns prompts for both the Text and Image Encoders
* A "Coupling Function" maps the learned language prompts to the visual prompts
* This allows for joint, synergistic tuning to improve vision-language alignment

Limitation: The prompts are still static and deterministic
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Limitations of Existing Methods

* Static & Deterministic: Methods like CoOp, VPT, and MaPLe learn a single, fixed set of
prompts that are applied uniformly to all samples

* No Instance-Level Adaptation: They lack the flexibility to adapt to instance-level
variations (€.g., a "photo of a dog" vs. a "sketch of a dog")

* No Uncertainty Modeling: They are deterministic and fail to capture model uncertainty,
which limits robustness to new domains

We need prompts that are: Sample-Specific and Uncertainty-Aware !



The VaMP Framework
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The VaMP Framework
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The VaMP Framework
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The VaMP Framework
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The VaMP Framework
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Class-Aware Prior

» Problem: A standard prior N(0,I) is
uninformative and lacks semantic structure

» Solution: Introduce a structured prior

conditioned on class semantics o \
1 I
- el
» Step 1: Pre-compute a class prototype for each 77 ok
class by averaging its training sample features e N

» Step 2: Learn a prior network that maps this
prototype to a Gaussian prior distribution

» Regularizes the latent space, pulling prompts from the same class closer together



Variational Multi-Modal Prompt Adaptation

The core engine of VaMP, which works 1n two streams:

» Posterior (Sample-Specific): An "Inference
Network" ¢; uses the mput 1image feature
x to predict a posterior distribution q 4. (z;|x) 1

: \Z;| L
e Ty (R
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» Prior (Class-Aware): A "Prior Network" ¢; -
uses the class prototype o,, to generate our
structured prior distribution py,. (z;|x)

)
\4
<MOMPN
QOUdIAJU]
SN

Py,(zi | 0y)

Training: A KL divergence loss Ly, forces the image-specific posterior g4, (2;|x) to be close
to Py, (Zi]x)



Results: Base-to-Novel Generalization

Average ImageNet Caltech101 OxfordPets
Base Novel H Base Novel H Base Novel H Base Novel H

CLIP[1] | 69.34 7422 71.70 | 7243 68.14 7022 | 96.84 94.00 9540 | 91.17 97.26  94.12
CoOp 2] | 82.69 6322 71.66 | 7647 6788 7192 | 98.00  89.81 93.73 | 93.67 9529 9447
CoOpOp [3] | 8047 71.69 75.83 | 7598 7043  73.10 | 97.96  93.81 95.84 | 9520 97.69  96.43
ProDA [38] | 81.56 7230 76.65 | 7540 7023 7272 | 9827 9323 9568 | 9543 97.83  96.62
KgCoOp [41] | 80.73  73.60 77.00 | 75.83 69.96 7278 | 97.72 9439  96.03 | 94.65 97.76  96.18
MaPLe [5] | 8228  75.14 7855 | 76.66  70.54 7347 | 9774 9436  96.02 | 9543 9776  96.58
PromptSRC [6] | 84.26  76.10 79.97 | 77.60 70.73 7401 | 98.10 94.03 96.02 | 9533 9730  96.30
TCP [42] | 84.13 7536  79.51 7727  69.87 7338 | 9823  94.67 9642 | 9467 9720 9592
MMA [70] | 83.20 76.80  79.87 | 77.31 71.00  74.02 | 9840 94.00 96.15 | 9540 98.07 96.72
2SFS [87] | 85.55 7548  80.20 | 77.71 7099 7420 | 98.71 9443 9652 | 9532  97.82  96.55
SkipT [88] | 85.04  77.53  8l.11 7173 7040  73.89 | 98.50 9533 96.89 | 95.70  97.87  96.77
MMRL [8] | 85.68 77.16 81.20 | 7790 71.30 7445 | 9897 9450 96.68 | 9590 97.60  96.74

VaMP  86.45 78.67 8237 7898 7345 76.11 9895 9596 97.43 ‘ 96.95 9524  96.08

Method

StanfordCars Flowers102 Food101 FGVCAuircraft
Base Novel H Base Novel H Base Novel H Base Novel H

CLIP[1] | 63.37 7489 68.65 | 72.08 77.80 74.83 | 90.10 91.22  90.66 | 27.19 3629 31.09
CoOp[2] | 78.12 6040 68.13 | 97.60 59.67 74.06 | 8833 8226  85.19 | 4044 2230 2875
CoOpOp [3] | 7049  73.59  72.01 9487 7175  8L71 | 90.70  91.29  90.99 | 3341 23,71 27.74
ProDA [38] | 7470 7120 7291 97.70  68.68  80.66 | 90.30  88.57 8943 | 36.90 34.13 3546
KgCoOp [41] | 71.76  75.04 7336 | 95.00 7473  83.65 | 90.50 91.70  91.09 | 36.21 3355 3483
MaPLe [5] | 72.94 74.00 7347 | 9592 7246 8256 | 90.71 92.05 9138 | 37.44 35.61 36.50
PromptSRC [6] | 78.27 7497 7658 | 98.07 7650 8595 | 90.67 91.53  91.10 | 4273  37.87  40.15
TCP[42] | 80.80 74.13 7732 | 97.73 7557 8523 | 90.57 91.37 9097 | 4197 3443 37.83
MMA [70] | 7850  73.10 7570 | 97.77 7593 8548 | 90.13 9130  90.71 | 40.57 3633  38.33
2SFS [87] | 8250  74.80  78.46 | 9829  76.17  85.83 | 89.11 91.34  90.21 | 47.48 3551 40.63
SkipT [88] | 82.93 7250 77.37 | 98,57 7580 8570 | 90.67 92.03 91.34 | 4537 37.13  40.84
MMRL [8] | 81.30 75.07 78.06 | 98.97 7727 86.78 | 90.57 91.50 91.03 | 46.30 37.03 41.15

VaMP 8378 80.14 8191 9896 8397 90.85 9277 93.16 92.96 ‘ 46.77 41.13  43.76

Method

SUN397 DTD EuroSAT UCF101
Base Novel H Base Novel H Base Novel H Base Novel H

CLIP[I] | 69.36 7535 7223 | 5324 5990 5637 | 5648 64.05 60.03 | 70.53 77.50 73.85
CoOp 2] | 80.60  65.89  72.51 7944 4118 5424 | 92,19 5474  68.69 | 8469 56.05 67.46
CoOpOp [3] | 79.74 76.86  78.27 | 77.01 56.00 64.85 | 87.49 60.04 7121 8233 7345 T77.64
ProDA [38] | 78.67 7693 7779 | 80.67 5648 6644 | 8390 66.00 7388 | 8523 7197 78.04
KgCoOp [41] | 80.29 7653 7836 | 77.55 5499 6435 | 8564 6434 7348 | 8289 76.67 79.65
MaPLe [5] | 80.82 7870  79.75 | 80.36  59.18 68.16 | 94.07 73.23 8235 | 83.00 78.66  80.77
PromptSRC [6] | 82.67  78.47  80.52 | 8337 6297 7175 | 9290 7390 8232 | 87.10 7880 82.74
TCP [42] | 82.63 7820 80.35 | 82.77 58.07 6825 | 91.63 7473 8232 | 87.13 80.77 83.83
MMA [70] | 82.27 7857 80.38 | 8320 6563 7338 | 8546 8234 83.87 | 8623  80.03  82.20
2SFS [87] | 82.59 7891 80.70 | 84.60  65.01 73.52 | 9691 67.09 7929 | 87.85 78.19 8274
SkipT [88] | 82.40  79.03  80.68 | 83.77 6723 7459 | 9247 83.00 8748 | 8730 8247 8481
MMRL [8] | 83.20 7930  81.20 | 85.67 65.00 73.82 | 9560 80.17 87.21 | 83.10 80.07 83.89

VaMP 8337 7895 81.09 86.14 67.20 7550 95.78 77.21 8549 | 88.52 7899 8348

Method




Results: Domain Generalization

Source Target

ImageNet | -V2 -S -A -R
CLIP [1] 66.73 60.83 46.15 47.77 73.96
CoOp [2 71.51 64.20 4799 49.71 75.21
CoOpOp 3] 71.02 64.07 48.75 50.63 76.18
MaPLe |5 70.72 64.07 49.15 50.90 76.98
PromptSRC |6 71.27 64.35 4955 50.90 77.80
MMA [70] 71.00 64.33 49.13 51.12 77.32
MMRL (8] 72.03 64.47 49.17 51.20 77.53
VaMP 72.83 64.96 49.69 351.97 78.01




Results: Cross-Dataset Generalization

Source Target
S~
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CoOp [2] 71.51 | 63.88  93.70 89.14 64.51 68.71 85.30 18.47 64.15 4192 4639  66.55
CoOpOp [3] 71.02 | 65.74 9443 90.14 65.32 71.88  86.06 22.94 61.36 435.13 4537 6821
MaPLe [5] 70.72 | 6630  93.53 90.49 65.57 1223 86.20 24.74 67.01 4649 48.06 68.69
PromptSRC [6]  71.27 | 65.81  93.60 90.25 65.70 70.25 86.15 2390 67.10 46.87 4550 68.75
TCP[42] 7140 | 66.29  93.97 91.25 64.69 1121 86.69 23.45 67.15 4435 5145 68.73
MMA [70]  71.00 | 66.61  93.80 90.30 66.13 72.07  86.12 25.33 68.17 46.57 49.24 68.32
MMRL [8] 72.03 | 67.25 94.67 91.43 66.10 72777  86.40 26.30 6157 4390 2310 6827
VaMP  72.83 | 67.74  94.96 91.79 66.10 73.18 86.97 26.76 68.04 46.82 53.82 68.93




Thank You!



