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Zero-Shot Classification with CLIP!

@ Create dataset classifier from label text
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Zero-Shot Generalization in Vision-Language Models
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Daota M‘Iﬂ\’hg [1] Ma, X, Zhang, J., Guo, S., & Xu, W. (2023). Swapprompt: Test-time prompt adaptation for vision-language models. Advances in Neural Information Processing Systems, 36, 65252-65264.
%k . . [2] Abdul Samadh, J., Gani, M. H., Hussein, N., Khattak, M. U., Naseer, M. M., Shahbaz Khan, F., & Khan, S. H. (2023). Align your prompts: Test-time prompting with distribution alignment for zero-shot generalization. Advances in Neural
L QUQMV AnOlthS Information Processing Systems, 36, 80396-80413.
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Q1. Prompt Engineering (handcrafted prompts) vs. CoOp (Prompt Tuning)

Experiments & Results

Baseline: Zero-shot CLIP with hand-crafted prompts (e.g., “a photo of a [CLASS]" as baseline.

Caltech101 Prompt Accuracy Flowers102 Prompt Accuracy CLIP + CoOp (M=16, end) vs. Zero-Shot CLIP
a [CLASS]. 82.68 ot a photo of a [CLASS]. 60.86 .
. EuroSAT 4 45.97
a photo of [CLASS]. 80.81 a flower photo of a [CLASS]. 65.81 Flowers102 -
a photo of a [CLASS]. 86.29 a photo of a [CLASS], a type of flower. 66.14 DTD
[V]: [V ... [V [CLASS]. 91.83 [V]: [Vl: ... [V]u [CLASS]. 94.51 StanfordCars 1
(a) (b) UCF101 4
FGWVCAircraft -
Describable Textures (DTD) Prompt Accuracy EuroSAT Prompt Accuracy
& a photo of a [CLASS]. 39.83 a photo of a [CLASS]. 24.17 e
Caltech101 4
a photo of a [CLASS] texture. 40.25 a satellite photo of [CLASS]. 37.46
ImageNet 4
[CLASS] texture. 42.32 a centered satellite photo of [CLASS]. 37.56 . OxfordPets - . L. o .
: Noisy training data with “intensive colors
[V]: [V]2 ... [V]m [CLASS]. 63.58 [V]; [V]; ... [V]m [CLASS]. 83.53 . Food101 4 and sometimes Wrong |abe|s" [4]
(c) (d) : 0 10 20 30 40
o ¢ R o % o L . H Absolute improvement (%)
Fig. 1 Prompt engineering vs Context Optimization (CoOp). The former needs to use a held-out validation set for P
words tuning, which is inefficient; the latter automates the process and requires only a few labeled images for learning. Fig. 4 Comparison with hand-crafted prompts.
k Data Mining [4] Bossard, L., Guillaumin, M., & Van Gool, L. (2014). Food-101-mining discriminative components with random forests. In Computer vision-ECCV 2014: 13th European conference, zurich, Switzerland, September 6-12, 2014, proceedings, 18
.% QUQHTy /\nO|yTiCS part VI 13 (pp. 446-461). Springer International Publishing.
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Q2. Few-shot learning performance, 22 labeled dataTt2 2 &

Experiments & Results

Setting: 1-shot, 2-shot, 4-shot, 8-shot and 16-shot setting
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Average over 11 datasets

*
Zero-shot
4 CLIP

—e— CLIP + CoOp (M=16, end)

—e— CLIP + CoOp (M=16, mid)

—+— CLIP + CoOp (M=16, end, CSC)
~—e— CLIP + CoOp (M=16, mid, CSC)
-+ Linear probe CLIP

o1 2 4 8 16

Number of labeled training examples per class

Data Mining

Quality Analytics  part VI 13 (pp. 446-461). Springer International Publishing.

‘45 &0l 7kset7R

Zero-Shot CLIP

Linear Probe CLIP : Image Encoder (freeze) + Linear Classifier (fine-tuning)

M : CoOp's context length (& MojLioAME L2 E7])

end, mid : position of the class token
(end — [p1][p2]..[p,IICLASS] / mid - [py]...[p][CLASS]I[p. 1. [pL])

CSC : Class-specific token (label name XIS token2Z ¢l > Zt classOFCH 2= 2| context token &)

=

Jh

x
olr
ol

7}, 1-shot2t2 2 & zero-shot baseline 45 ELCt 24

[4] Bossard, L., Guillaumin, M., & Van Gool, L. (2014). Food-101-mining discriminative components with random forests. In Computer vision-ECCV 2014: 13th European conference, zurich, Switzerland, September 6-12, 2014, proceedings,
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ImageNet-R

Q3. Domain shift &2 50| AM 2] Ybtzl ‘dS HS (Domain generalization) Target  ObjectNet |

Experiments & Results L

Source : ImageNet | Target : ImageNet-V2, ImageNet-Sketch, ImageNet-A, ImageNet-R

Source Target
Method ImageNet  -V2  -Sketch  -A R ResNet-50
ResNet-50 = = [ 2L 1 (5 =
e b s sian wsm o1es 5600 Zero-Shot CLIP 58.18 51.34 33.32 21.65 56.00
Linear Probe CLIP 55.87 4597 19.07 1274 3486 Linear Probe CLIP 55.87 45.97 19.07 12.74 34.86
CLIP + CoOp (M =16) 62.95 55.11 32.74 22.12 54.96 . .
CLIP + CoOp (M =4) 63.33  55.40 34.67 23.06 56.60 CLIP + CoOp (M =16) 62.95 00.11 32.74 22.12 54.96
ResNet-101 , CLIP + CoOp (M =4) 63.33 55.40 34.67 23.06 56.60
Linear Probe CLIP 59.75 50.05 26.80 19.44 47.19
CLIP + CoOp (M =16) 66.60 58.66 39.08 28.89 63.00 . . .re . . .
OLIP 4 CoOp (M=4) 6598 5360 40.40 20.680 64.98 Zero-Shot CLIP : not tied to a specific data distribution
ViT-B/32 . . - , .
Zero-Shot CLIP 6205 5479 082 2957  65.99 Linear Probe CLIP : Image Encoder (freeze) + Linear Classifier (fine-tuning)
Linear Probe CLIP 59.58 49.73 28.06 19.67 47.20
CLIP + CoOp (M=16)  66.85 5808 4044 3062  64.45 . ,
CLIP + CoOp (M =4) 66.34 58.24 41.48 31.34 65.78 M * Coops ConteXt |ength
ViT-B/16
Zero-Shot CLIP 66.73 60.83 46.15 47.77 73.96
Linear Probe CLIP 65.85 56.26 34.77 35.68 58.43
CLIP + CoOp (M =16) 71.92 64.18 46.71 48.41 74.32
CLIP + CoOp (M =4) 71.73 64.56 47.89 49.93 75.14
k Data Mining [4] Bossard, L., Guillaumin, M., & Van Gool, L. (2014). Food-101-mining discriminative components with random forests. In Computer vision—-ECCV 2014: 13th European conference, zurich, Switzerland, September 6-12, 2014, proceedings, 20
.% QUQHTy /\nO|yTiCS part VI 13 (pp. 446-461). Springer International Publishing.
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Dataset: ImageNet

Requires Downstream Training Data!

@ Learned prompts are limited to the distribution and
tasks corresponding to training data and may have
limited generalization beyond that!

@ Require annotations which is expensive and
NOT available for ZERO-SHOT tasks!
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Test Image #1 NeurlPS, 2022,
«ﬂ Test-Time Prompt Tuning for Zero-Shot Generalization
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Test-Time Prompt Tuning
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features

—

Confident

Avg.

>

p(ylx;)

Cat Turtle Dog

Entropy
Minimization

min H(p)
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- 2. TPT (Test-Time Prompt Tuning)

[NeurlPS 2022] Test-Time Prompt Tuning for Zero-Shot Generalization in Vision-Language Models

&N

Test-Time Prompt Tuning

Prompt Reset — |P1|| P2

Initial Prompt

pL

Learnable params

A Single
Test Image

Data Mining
Quality Analytics

Test Sample x;

05 £7]| promptHA AZFSHe 2ixl ME 0] CHolA =X =}
- Adapting the prompt to each test sample individually

@ Cannot exploit previous test information
@ Ignores the relatedness among test samples




- 3. Online TPT (Online Test-Time Prompt Tuning)

Test-Time Prompt Tuning

PN S OTSN, prompt O|H promptOllA A|Ztste] BXY AZof| ChsiA |%{3}
Previous test samples . . . . . .
- - - Using previous optimized prompt as the starting point
PN -4 P1 P2 .. DL . ] ]
AL\ T @ Incorporates previous test information
g;,{ ,. ¢ Learnable params

@ Leverages relevant information from previous test samples

A Single
Test Image

Test Sample x;

Data Mining
o.:.o Quality Analytics




- 3. Online TPT (Online Test-Time Prompt Tuning)

AHO|0|E Bl TETZEE Xx7|3}8}= Al O}H HEE =

Test-Time Prompt Tuning in an Online Manner

=2 T

Cat
- ‘E Turtle
Dog

+ Class

Exploit relevant informati
| ploIt relevant Infoma |on= Prompt

Previous test samples

' Vo

'\ -4 P1 D2 .. DL
Y Learmnable params
A Single
Test Image

Data Mining
o.:.o Quality Analytics

[

Text

"~ Encoder

A photo of a Cat

A photo of a Turtle

A photo of a Dog

Image features

p(ylxs)

Cat TurtleDog

Entropy
Minimization




- 3. Online TPT (Online Test-Time Prompt Tuning)

AC0|E =l TETEES Xx7|3}5b= CAl OpH HEE =X

Test-Time Prompt Tuning in an Online Manner

Prompt + Class
o AphotoofaCat —
Online : Toxt
. e | ~
Prompt Update—> P1 P2 ... PL A Turtle > Encoder A photo of a Turtle p(leB)
Learnable params Dog AphotoofaDog  —— Ent
Avg—> . n r.o py
Minimization
N
/T Cat Turtle Dog
A Single Image
— Image features ——
Test Image Encoder

Data Mining
o.:.o Quality Analytics



- 3. Online TPT (Online Test-Time Prompt Tuning)

YHI0|E & ZEZES X7(15h= Cil 2bA HEE +H

Test-Time Prompt Tuning in an Online Manner

Exploit relevant information

| » Prompt + Class
Previous test samples - AphotoofaCat  —
at
‘ Text
Turt > A photo of a Turtle  —— 5
) P1 D2 PL ‘E urtle e pnoto ot a lurtle p(}llle-)
Leamable params Dog AphotoofaDog ——
Avg—>
N I BN
/T Cat TurtleDog
A Single Image
— Image features ——
Test Image Encoder

Data Mining
o.:.o Quality Analytics



- 3. Online TPT (Online Test-Time Prompt Tuning)

AUGLIO|E El TETEE X7|8}5t= LAl I} HEE +X

Test-Time Prompt Tuning in an Online Manner

Prompt + Class
o AphotoofaCat —
Online : Toxt
. e | ~
Prompt Update—> P1 P2 .. DL Turtle > Encoder A photo of a Turtle pO,lx4)
Learnable params Dog AphotoofaDog  —— Ent
Avg—> . n r.o py
Minimization
\ [
/T Cat Turtle Dog
A Single Image
— Image features ——
Test Image Encoder

Data Mining
o.:.o Quality Analytics



- 3. Online TPT (Online Test-Time Prompt Tuning)

YHI0|E & ZEZES X7|slol= ! 2fAH BEE +H

Test-Time Prompt Tuning in an Online Manner

Online TPT Performance (Dataset: DTD)

Prompt | —— Online TPT
Online
Prompt Update—— P1 P2 .. DL <
> 201
Learmable params [}
<
5] TPT 6 M= a2}
Acc:54.77% “ 0 (?O‘? 9u5°7)
H L (0] (0)
et 96% Ms 2= 6% > 0% .
0 1000 2000 3000 4000 5000 6000 7000 51

O | t t I 260 460 660 Bé() lDIOU lZIO(l 1460 16b0
niine test samples .
Online Test Samples

Online TPT shows competitive performance at the beginning while dropping significantly during online learning

Data Mining
. . 5] Xiao, Z., Yan, S., Hong, J., Cai, J,, Jiang, X., Hu, Y., ... & Snoek, C. G. (2025). DynaPrompt: Dynamic Test-Time Prompt Tuning. arXi int arXiv:2501.16404.
.ﬁ Quality Analytics FL g 9 (2025). Dy pt: Dy pt Tuning. arXiv preprint arXiv




- 3. Online TPT (Online Test-Time Prompt Tuning)

YHI0|E & ZEZES X7(15h= Cil 2bA HEE +H

Test-Time Prompt Tuning in an Online Manner

Prompt @ Overconfidence
Problem!

Online
— DP1 P2 .. DL 7]
Prompt Update p(y|xs)
Learnable params
Entropy
Minimization
Cat TurtleDog
A Smgle Ground Truth : Cat
Test |mage Model Pred : Turtle
i Without ground truth labels,
Test Sample x; the entropy-based objectives might drive
the optimization in the wrong directions [6,7]
k Data M‘lﬂmg [l Ma, X., Zhang, J., Guo, S., & Xu, W. (2023). Swapprompt: Test-time prompt adaptation for vision-language models. Advances in Neural Information Processing Systems, 36, 65252-65264.

.% QUQ“Ty /\nalytics [7] Lee, J., Jung, D., Lee, S., Park, J., Shin, J., Hwang, U., & Yoon, S. (2024). Entropy is not enough for test-time adaptation: From the perspective of disentangled factors. arXiv preprint arXiv:2403.07366. 43




- 3. Online TPT (Online Test-Time Prompt Tuning)

@ Error Accumulation Problem!

UHI0|E & ZEZES X7(810t= i IfAH BEE +5 > A HEQ| {8t EEEU OfL|E} 2R & +X

Test-Time Prompt Tuning in an Online Manner

Prompt @ Overconfidence
: Problem!
Online The errors introduced during these
Prompt Update—— |P1| P2 | ... || DL optimization steps accumulate throughout P(y|xe)

online learning (error accumulation)
Learnable params

Entropy
Minimization
Cat TurtleDog
A Smgle Ground Truth : Cat
Test Image Model Pred : Turtle
I Without ground truth labels,
Test Sample x, the entropy-based objectives might drive
the optimization in the wrong directions [6,7]
k Data Miﬂ\'ng [l Ma, X., Zhang, J., Guo, S., & Xu, W. (2023). Swapprompt: Test-time prompt adaptation for vision-language models. Advances in Neural Information Processing Systems, 36, 65252-65264.
.% QUQ“Ty /\nalytics [7] Lee, J., Jung, D., Lee, S., Park, J., Shin, J., Hwang, U., & Yoon, S. (2024). Entropy is not enough for test-time adaptation: From the perspective of disentangled factors. arXiv preprint arXiv:2403.07366. 44




- 3. Online TPT (Online Test-Time Prompt Tuning)

@ Error Accumulation Problem!

YHIO|E B ZEZES X7|sot= ti 1A BEE +8 > 7 MEQ| R8¢t EEEU ofL2t @ 7R = H +X

Test-Time Prompt Tuning in an Online Manner

Prompt @ Overconfidence
: Problem!
Online

The errors introduced during these
Prompt Update—— |P1| P2 | ... || DL optimization steps accumulate throughout p(y|x7)

online learning (error accumulation)
Learnable params

Entropy
_> . L3 . L3
® Prompt Collapse Minimization
e Such error accumulation causes the prompts to
e d . . Cat Turtle Dog
. : progressively degenerate, resulting in gradually
ASingle | 9 degraded performance Ground Truth : Dog
Test Image \3‘ ' Model Pred : Turtle
“J - Ultimately cause collapsed prompts that generate Without ground truth labels,
Test Sample x; incorrect predictions with lower entropies the entropy-based objectives might drive

the optimization in the wrong directions [6,7]

Data Miﬂ\'ng [l Ma, X., Zhang, J., Guo, S., & Xu, W. (2023). Swapprompt: Test-time prompt adaptation for vision-language models. Advances in Neural Information Processing Systems, 36, 65252-65264. 4
.% QUQ“Ty /\nalytics [7] Lee, J., Jung, D., Lee, S., Park, J., Shin, J., Hwang, U., & Yoon, S. (2024). Entropy is not enough for test-time adaptation: From the perspective of disentangled factors. arXiv preprint arXiv:2403.07366. 5




- 3. Online TPT (Online Test-Time Prompt Tuning)

ol 983t Mot olL|2} LE L BHH £

n Online Manner

1'F prompt reset=
w olH ot E|= A7

AOI0|E &l ZFZES X7|9I5H= Tl BfA BES 75 > A M

Test-Time Prompt Tuning in

(‘

Data Min
.:.OQ Ity/\ Iyt



- 3. Online TPT (Online Test-Time Prompt Tuning)

g3 HEwat oLzt QR E B X

ime ing in an Online Manner

5 o 'F prompt reset=
..~/ ©OofH ot x|l= AN

[5] TPT
Acc:54.77%

Online TPT
Acc:6.96%

Only update the prompts with correct predictions| «— ... _%rgg';

1000 2000 3000 4000 5000 6000 7000
Online test samples

- ‘Oracle’ method considerably outperforms TPT, which implies that
the relevant information in past test samples benefits prompt tuning on the test distribution!

[5] Xiao, Z., Yan, S., Hong, J,, Cai, J., Jiang, X, Hu, Y., ... & Snoek, C. G. (2025). DynaPrompt: Dynamic Test-Time Prompt T g. arXiv preprint arXiv:2501.16404

Data Mining
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- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

Dynamic Prompt Tuning

, DynaPrompt (Dynamic Test-Time Prompt Tuning)

ICLR, 2025,

DynaPrompt: Dynamic Test-Time Prompt Tuning
20254 78 7| 52| 21&

@ Exploit beneficial information from prompt histories
@ Alleviate the error accumulation in online prompt tuning

Data Mining
o.:.o Quality Analytics




- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

oojgt atAH HEH BES 21Tt Prompt Buffer &

Dynamic Prompt Tuning with Prompt Buffer 7

pn {pi}liW:nl

p
@ Exploit beneficial information
from prompt histories
3
A Singl b - Store the distribution information
ingle . .
Test Image Test f:lmple R ” in past samples using the buffer!

(test step n)

Data Mining
o.:.o Quality Analytics




- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

oojgt atAH HEH BES 21Tt Prompt Buffer &

Dynamic Prompt Tuning with Prompt Buffer 7
pn {pi}li‘inl

Prompt
Selection ,  Entropy

P Minimization
Vs

. = Update the buffer
A Singl @ Up
TestS:mgaSe Test Sample by optimizing the
n selected prompts

(test step n)

@ Select a subset of the online prompts in the buffer I

Data Mining
o.:.o Quality Analytics




- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

felojst kA HE HEZ 2|5t Prompt Buffer = + Prompt Collapse 2X| & 2| Dynamic P Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

Prompt
Selection

How to select appropriate prompts for
each test sample from the prompt buffer?

Data Mining
o.:.o Quality Analytics




- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH HE HEZ 2|Tt Prompt Buffer = + Prompt Collapse HX| & It Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

1
p
Ppt
Cat Turle Dog
Prompt
. Selection
AN S A1 () S f b
X . o0
A Single 520 A58 a
Test Image _- ' Cat Turte Dog
(test step n) »'-} *é“‘ p4
T 155;;,f
Test Sample x, =7 \» E;’g % An(r) i
e oo Cat Turle Dog

Data Mining
o.:.o Quality Analytics



- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

soojgt utAH FH BEZ 2Tt Prompt Buffer = + Prompt Collapse X[ & 212t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

Prediction Entropy (to assess how confident the prompt is on the test data)
indicating the prompt has more prior knowledge and relevant information
1
v p

Ppt
Cat Turte Dog
v Prompt
| Selection
381> TN Al ot Turte Pog f ’37
A Single =70 G5
Test Image % '
(test step n) HIATS,
W —
s
Test e,

Sample x, =zj N> "

Data Mining
o.:.o Quality Analytics



- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

- Selection Strategy

e

Dynamic Prompt Tuning with Prompt Buffer 7

Prediction Entropy (to assess how confident the prompt is on the test data)
indicating the prompt has more prior knowledge and relevant information

fo|ojst 1A HE HEZ QI8 Prompt Buffer = + Prompt Collapse ' X|E 2|8t Dynamic Pre

\/Low Entropy
Byt
Cat Turte Dog
V/Low Entropy Prom.pt Threshold
_ Selection ) N
=71 B At Cat Turte Dog S H(ppi) < H(ppo),
¥ [0 o where p° denotes the initial prompt
. = High Entropy 7
A Single =24 5 GHSHE
Test Image B a
(test step n) PLJAT, : . ..
Lt - High Entropy !Vl.o.re confident predictions than the
Test i initial prompt p°

Sample x, =7t N>

Data Mining
o.:.o Quality Analytics



- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

Folojet afAH HH BES 9

1pt Buffer 2 + Prompt Collapse X| & 2|8t Dynamic Pr

Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

Overconfidence
Problem

Ground Truth

Cat Turtle Dog

Pred

Cat Turtle Dog

Prediction Entropy (to assess how confident the prompt is on the test data)

A Single
Test Image
(test step n)

Data Mining
o.:.o Quality Analytics

\/Low Entropy
Byt
Cat Turte Dog
\/ Low Entropy
Cat Turte Dog
High Entropy
High Entropy

indicating the prompt has more prior knowledge and relevant information

Prom.pt Threshold
Selection ) N
H(,) < H(Byp0),
"o o where p° denotes the initial prompt
o

confident predictions

#

correct predictions




- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH HE HEZ 2|Tt Prompt Buffer = + Prompt Collapse HX| & It Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)
indicating the prompt has more prior knowledge and relevant information

P12, P") Low Entropy

Pyt
I Cat Turte Dog

1 Cat Turtle Dog
p Low Entropy

Prediction probability

. difference
Augmentations Cat Ture Dog

Aq (%) Ay (xn) P(Y|A(), pY)

, W
9‘ Ny
Wy T Cat Turtle Dog

—> Assessing the SENSITIVITY of the prompts
(assessing the risk of overconfidence and prompt collapse)

\ 4

High Entropy

High Entropy

Data Mining
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH HE HEZ 2|Tt Prompt Buffer = + Prompt Collapse HX| & It Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)

P, p(YIAG), PD) indicating the prompt has more prior knowledge and relevant information
P . Low Entropy
— ﬁpl p~p1
Cat Turtie Dog Cat Turtie Dog Cat Turtle Dog
Low Entropy
Augmentations Cat Turtle Dog Cat Turtie Dog Cat Turfe Dog
A (x An(x
1( nl) A N( “\n) p3 High Entropy
ﬁ :%;? Cat Turte Dog Cat Turte Dog
' 3 -:\ 4
p High Entropy
Cat Turtle Dog Cat Turtle Dog

Data Mining
o.:.o Quality Analytics



- 4. DynaPrompt (Dynamic Prompt Tuning)

[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH "E BEE 2|Tt Prompt Buffer = + Prompt Collapse 2X| & I8t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)

p(V|xp,, pi) p(YVIA(x,), pi) indicating the prompt has more prior knowledge and relevant information
Low Sensitivity : Low Entropy
- ﬁpl ﬁpl
Cat Turtle Dog
High Sensitivity {Low Entropy Prompt
= : Selection
Augmentations Cat Turtie Dog Cat Turte Dog - Cat Turte Dog f S
A1 () Ay (xn) [0 0

Low Sensitivity : High Entropy

B
i W
oo
. X
v - ;
” e ¥
3 .

High Sensitivity : High Entropy

Cat Turtle Dog Cat Turtle Dog

Data Mining
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH "E BEE 2|Tt Prompt Buffer = + Prompt Collapse 2X| & I8t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the brompt is on the test data)

X p(V|xp,, pi) p(YVIA(x,), pi) indicating the prompt has more prior knowledge and relevant information
n
Original High Sensitivity ‘/Low Entropy Prompt
- Selection ,  Entropy
Augmentations Cat Turte Dog Cat Turte Dog Cat Turte Dog Minimization

Al (xn) AN (xn)

B
i W
oo
. X
v - ;
” e ¥
3 .
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH "E BEE 2|Tt Prompt Buffer = + Prompt Collapse 2X| & I8t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the brompt is on the test data)
pY|x, P P(YIAG), PY) indicating the prompt has more prior knowledge and relevant information

High Sensitivity \/Low Entropy Prompt
- Selection ,  Entropy
Minimization

~

—_

Augmentations Cat Turtle Dog Cat Turtle Dog Cat Turtle Dog

Al (xn) AN (xn)

R
cee é’
o .
; -
4 s
2 Bt

Prompt Buffer i ete—

P = (pi}i

Append
optimized prompts

Data Mining
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH "E BEE 2|Tt Prompt Buffer = + Prompt Collapse 2X| & I8t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the brompt is on the test data)

X p(Y|x%, P p(Y|A(), pH indicating the prompt has more prior knowledge and relevant information
n+1
Original Always put the optimized promplts Prom.pt -
at the start of the prompt buffer! Selection . |.1tr.op¥
Augmentations J— Minimization
A1 (Xn41)  Anv(nt1)

Prompt Buffer optimized
:Pn+] : {pi}li\infl

Data Mining
o.:.o Quality Analytics
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

solofst kA HHE BES 2|et Prompt Buffer = + Prompt Collapse X[ & 2|t Dynamic Pr Selection Strategy

e

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the brompt is on the test data)
indicating the prompt has more prior knowledge and relevant information

Xn+1 e
ool I O
2F nE o] giCHH??
L DE T2TE7} S| M= 91 oo}
original @ BUffer pn H - £=£—7|' ?_xH o= xn+1J—|' T Prompt
@ Buffer "' L BE TEZE7} 0|0| collapsed E! AEH Selection
Augmentations f P
Al(xn+1) An(Xn+1) L.“.
7|1E ZEZEE AMES5l= O 22 =Z5=ES F7t
pO

Initial prompt eg, “a photo of a"

Data Mining
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

fe|0jst 1tA HE BEZ 2|8t Prompt Buffer 7% + Prompt Collapse '¥X| & I8t Dynamic Pr Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the brompt is on the test data)

X indicating the prompt has more prior knowledge and relevant information
n+1

ThY W ero] SICHH??

el

@ Buffer P L BE TEZEJ| Sx| ME , 3} F2
Original Prom.pt
@ Buffer Pl RE TETEJL 0|0 co"apsed =| AFEH Selection Entropy

Augmentations f’\ Minimization
Al(xn+1) Ay (Xnt1) 2

rL—\

71E ZEZES MESl= i MER ZEZES F7t

Optimized prompt

Data Mining
o.:.o Quality Analytics
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

selojst atH "E BEE 2|Tt Prompt Buffer = + Prompt Collapse 2X| & I8t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)
indicating the prompt has more prior knowledge and relevant information

Xn+1

Original Prompt Buffer optimized — Prom.pt

P+l — (piyMnes + | Loptimizer Selection . ,  Entropy
Augmentations p =1 Minimization
Al(xn+{) An(Xn+1)

ME2 ZEZEE 7}

Data Mining
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

ojo|st atA HH BES 2|8t Prompt Buffer 72 + Prompt Collapse 2X| & /2t Dynamic Prompt Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)
indicating the prompt has more prior knowledge and relevant information

Xn+1
Append
optimized prompts
Original Prompt Buffer optimized — Prompt
prt {pl}MnH delete‘ Sptiniet Selection — .El.“tr.o Py
Augmentations f — Minimization
° 0

Ay (n+{) Ay (Xnt1)

7Pg 28 HI% 8 SENRA
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[ICLR 2025] DynaPrompt: Dynamic Test-Time Prompt Tuning

felojst kb HE HEZ 2|8t Prompt Buffer T+ + Prompt Collapse 2X| & 2|% Dynamic P Selection Strategy

Dynamic Prompt Tuning with Prompt Buffer 7

(To circumvent overconfident prompts) Probability Difference (M Prediction Entropy (to assess how confident the prompt is on the test data)
X indicating the prompt has more prior knowledge and relevant information
n+2

.
[
y

EQROP
\TIGONG

Append
b//\optimizid prompts

Original PI‘OI t BUffer optimiZEd S Prompt
P+ — (piyMns2 dptimizer Selection ,  Entropy
Augmentations P =1 f e Minimization
A1 (n2)  An(xni2) o
| N
ndd |.. B By appending new online prompts and ejecting the
Ty | inactive ones, it effectively incorporates information from

new data distributions and reduces error accumulation!

Data Mining
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- Experiments

Datasets

@® Domain Generalization
«  Prompt tuning vs. Test-time prompt tuning : CoOp2t Z2 downstream dataset-specific & 112[F CiiH| OOD &5 29l
» 5 datasets including out-of-distribution scenarios : ImageNet, ImageNet-V2, ImageNet-Sketch, ImageNet-A and ImageNet-R
@ Cross-Datasets Generalization
Prompt tuning vs. Test-time prompt tuning : Arbitrary categories?} 0 X| = zero-shot & ZH0f| A 2] classification && &0l
» 10 fine-grained classification datasets : Caltech, DTD, Cars, UCF101, Food101, Aircraft, SUN397, Pets, EuroSAT and Flowers

Domain Generalization Cross-Datasets Generalization

Dataset Exam ples

UCF101 Food101

Source mageNet B

ImageNetV2 |/

ImageNet-R

Target  ObjectNet e

ImageNet
Sketch

Data Mining
o.:.o Quality Analytics



- Experiments

Results

@® Domain Generalization

or
fot
ro

+  Prompt tuning vs. Test-time prompt tuning : CoOp2t Z2 downstream dataset-specific & 112|& CHH| OOD ‘g

£ T

Method ImageNet ImageNet-V2 ImageNet-S ImageNet-A ImageNet-R  OoD Mean
|CLIP (Radford et al., 2021)] 66.73 160.86 46.09 47.87 73.98 57.20 N
S ABHSHS [ Ad SEAF

Prompt learning methods without test-time tuning Prompt leamingS +AUE [ I <
|CoOp (Zhou et al., 2022b) | 71.51 |64.20 47.99 49.71 75.21 59.28
CoCoOp (Zhou et al., 2022a) 71.02 64.07 48.75 50.63 76.18 59.90
MaPLe (Khattak et al., 2023) 70.72 64.07 49.15 50.90 76.98 60.28 Test-time prompt leamingS 231812 [T
CoPrompt (Roy & Etemad, 2024) 70.80 64.25 49.43 50.50 77.51 60.42 OIH|-§I+ A—Ii 6#/& INg= TSEA= i
Any-shift Prompt (Xiao et al., 2024) - 64.53 49.80 51.52 77.56 60.85 == eeee

Test-time prompt tuning methods

| TPT (Shu et al., 2022) | 68.98 [63.45 47.94 54.77 77.06 60.81
AdaPrompt (Zhang et al., 2024) - 59.32 47.72 47.71 73.98 57.18 g . CHH
DiffTPT (Feng et al., 2023) 70.30 65.10 46.80 55.68 75.00 60.65 I)elitliz;“g"f{:ptl‘gﬂ'r}?l 'I,‘.ett,gf; il Lw
C-TPT (Yoon et al., 2024) 69.30 63.40 48.50 52.90 78.00 60.70 9Tl 2us e o9
DynaPrompt 69.61 64.67 48.22 56.17 78.17 61.81
CoOp + TPT (Shu et al., 2022) 73.61 66.83 49.29 57.95 77.27 62.84
CoOp + DynaPrompt 74.08 67.25 50.28 60.55 79.15 64.31
MaPLe + TPT (Shu et al., 2022) 71.87 64.87 48.16 58.08 78.12 62.31
MaPLe + PromptAlign (Samadh et al., 2023) - 65.29 50.23 59.37 79.33 63.56
MaPLe + DynaPrompt 72.71 66.34 50.25 60.72 79.57 64.22
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- Experiments

Results

@ Cross-Datasets Generalization

*  Prompt tuning vs. Test-time prompt tuning : Arbitrary categories?} 30 X| = zero-shot & 20| M 2] classification && &0

. ~ A & ~
BN & &) & = el )
-@5‘0 & § & S S § I s? é? $
Method < i v & & < = Q s N Y
[CLIP 9335 8825 6548 6744 83.65 2367/ 6259 4427 4201 6513 63.58
a2 ABHSHS ML= SEAL
_____Prompt learning methods without test-time tuning Prompt leamingS T3S [l IS o +0.30%
[CoOp 93.70 89.14 6451 68.71 8530 1847 64.15 41.92 4639 66.55 63.88
CoCoOp 9443 90.14 6532 71.88 86.06 2294 6736 45.73 4537 6821 65.74
CoPrompt 9450 90.73 65.67 7230 8643 2400 67.57 47.07 5190 69.73 67.00 Test-time prompt leamingS 438 A| A5 atar +122%
Test-time prompt tuning methods
[TPT 94.16 _87.79 66.87 68.98 84.67 24.78 6550 47.75 4244 68.04 65.10
DiffTPT 9249 8822 6701 70.10 87.23 25.60 65.74 47.00 41.04 6822 65.47 . . hods CHE
C-TPT 93.60 8820 6580 69.80 8370 24.00 64.80 46.00 4320 6570 64.80 | lesttime prompt ii?.'ng met . +0.42%
AdaPrompt 94.07  89.64 63.29 72.97 8472 2121 6537 4475 4720 6722  65.04 Online learmning +¥ A| 45 &4
[ DynaPrompt 9432 8828 67.65 69.95 8542 2433 6632 4796 4228 68.72 65.52]
CoOp + TPT 93.15 8948 6677 68.48 8648 2051 66.06 4332 3773 6891 64.09
CoOp +DynaPrompt 9440 90.04 6735 69.38 8645 2135 66.17 4698 3855 69.54 65.02
MaPLe + TPT 9359 90.72 66.50 7237 86.64 2470 6754 4587 4780 69.19 66.49

MaPLe + PromptAlign 94.01 90.76 68.50 72.39 86.65 24.80 67.54 4724 4786 6947 66.92
MaPLe +DynaPrompt 95.17 9095 68.26 73.28 86.60 2436 68.18 48.75 4753 69.85 67.29
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- Conclusion

« How to improve zero-shot performance of VLMs in downstream tasks?
1. CoOp (2022, UCV) : Hand-crafted prompt2| StAE ==5t11A} prompt XX & Z[H2|5H= 27 == K| ¢t
«  Manual prompt engineering 210|= X2 labeled sample 2t2 2 = hand-crafted prompt2L} =2 H4& 24

—_

*  Labeled downstream training dataset2 ERE St= =X > zero-shot generalization2| 0{2{=

2. TPT (2022, NeurlPS) : Zero-shot generalizationS I3l test-time0| single test sampleTt2 2 promptS FHot= 2 X[ x| ot
« "9 training data 20| test sample Tt2 A SHO promptE F'EoHCH= B O|A] test-time adaptation A2 2 &

«  Zero-shot prompt tuning2| 2t €l prompt engineering dependencyE &t85| M5t unseen domainOi| = generalizationO| 7t&ot &

e Z test sample2 SEAOE N2|5H7|0f test H|O|E 7H2| AN, R 8% 1t FE 52 HEHK| Rot= ¢
3. DynaPrompt (2025, ICLR) : O] test sampleOf| Al F'Y St promptE ARSI test H|O|H 72t HEE 2HESH= B Kot
=5t

Online test-time prompt tuning 2A10]| 7|8t5H0, error accumulation2 2 219+ prompt collapse =X E 2=t 7t

=
«  Prompt buffer #Z=& 0[&3}7|0f| computational cost?t 2 S8& 7HX|H, test sample0| S0{ 2= A0 M2t 50| HeE &= U=
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