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® Prompt Tuning has been proposed to adapt
the pretrained VLM to downstream tasks,
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® Image-conditional prompt tuning has a
limited ability to reduce the domain shifts

® Generalization of TKE: lower distance, higher performance.
at the class-level.

® Main insight: The textual embedding
generated by the forzen CLIP contains the
essential class-level knowledge, which can be
injected into the learnable prompt for
generating the class-aware prompt.

Methods Base New H

CoOp [50] 82.63 67.99 74.6
CoOp+TKE 83.10(T 0.47) 70.17(T 2.18) 76.09 (T 1.49)
KgCoOp [43] 80.73 73.6 77.00
KgCoOp +TKE 84.13 (T 3.40) 7536(11.78) 7951 (1 2.81)
ProGrad [51] 82.48 70.75 76.16
ProGrad+TKE 82.61 (T 0.13) 7291(1+ 2.16) 77.46 (T 1.30)
PromptSRC [19] 82.07 74.83 78.03
PromptSRC+TKE 83.74 (4 1.67) 75.85(1 1.02) 79.60 (1 1.57)
DAPT [5] 83.18 69.27 75.59
DAPT+TKE 84.15 (1T 0.97) 7487(1 5.60) 79.24 (1 3.65)




Prompt Tuning

performance on various few-shot or zero-shot visual recognization task.

B Prompt Tuning has been proposed to adapt the pretrained VLM to downstream tasks, achieving a fantastic

B CLIP uses a hand-crafted prompts to model B Context Optimization(CoOp) aims to model a prompt’s context

the textual-based class embedding for zero-shot using a set of learnable vectors.
prediction.
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Overview of Context Optimization(CoOp)!

1 Image comes from “Learning to Prompt for Vision-Language Models”



Context Optimization(CoOp)

B Context Optimization(CoOp) aims to model a prompt’s context using a set of learnable vectors.

B CoOp is overfitted on the trained seen domain(Base), leading a worse generalization on the unseen domain(New).
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CoOp-based Methods

B Existing methods can be divided into:

B Domain-shared prompt tuning: a unique learnable prompt for both seen and unseen domains

B [mage-Conditional prompt tuning: injecting the image’s knowledge into each prompt.

Domain-shared Prompt Tuning Image-Conditional Prompt Tuning
225 s e
/ Text Encoder ™ :Imdg; conditional : / Text Encoder
I rompt " i — | ..
e A &l [, ! ira” A S
Learnable | [Ty |- _ - _ 2 1 I 4L iz - — : -
P i ] n I i e [ R 2
rompt ol = - S W, ! = 1| g 2 v
= 8 : B | b A £ - E- B
. - el
1 M | - 3 E class :| : . B
class
— | tokens 1 . - ;
tokens L . . Wh . I 10 |:|
/

Visual SIM eea
-—— - — j— 151
Encoder El e 2] -

Image Features



CoOp-based Methods

B Existing methods can be divided into:

B Domain-shared prompt tuning: a unique learnable prompt for both seen and unseen domains

B [mage-Conditional prompt tuning: injecting the image’s knowledge into each prompt.
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They all have a limted ability to boost class-level discriminative ability, especially for the unseen
domain.



Main Insight

B The textual embedding generated by the forzen CLIP
contains the essential class-level knowledge, which can
be injected into the learnable prompt for generating the
class-aware prompt.

B Improving discriminative of the class-level textual
classifier on the seen domain

B Improving generalization on the unseen domain
with considering the prior knowledge of unseen

domain.
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Textual-based Class-aware Prompt tuning

® Based on the standard KgCoOp method, an Textual Knowledge Emebedding (+) is proposed to

project the hand-craft textual-based class-level embedding in into the Class-aware Prompt
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Experiment

® Generalization of TKE:
® Textual Knowledge Embedding(TKE) is a plug-and-play module that can quickly insert
existing prompt tuning methods to improve their performance further.

Methods Base New H

CoOp [50] 82.63 67.99 74.6
CoOp+TKE 83.10(T 0.47) 70.17(T 2.18) 76.09 (1 1.49)
KgCoOp [43] 80.73 73.6 77.00
KgCoOp +TKE 84.13 (1 3.40) 75.36(T 1.76) 7931 (1 2.51)
ProGrad [51] 82.48 70.75 76.16
ProGrad+TKE 82.61 (1 0.13) 7291(1 2.16) 7746 (1 1.30)
PromptSRC [ 19] 82.07 74 .83 78.03
PromptSRC+TKE 83.74 (1T 1.67) 75.85(1 1.02) 79.60 (1 1.57)
DAPT [5] 83.18 69.27 75.59
DAPT+TKE 84.15 (1 0.97) 74.87(1 5.60) 79.24 (1T 3.65)




Experiment

B Effectiveness of templates:

Templates Base New H
XXXX’ 84.13 7536 7951
‘aphotoofa’ 8394 7494 79.18
‘this 1s a picture ’ 84.00 7466  79.06
® Domain-shared prompt vs Class-aware prompt:
Baseline =~ Domain-Shared Class-Aware Base New H
v/ " 80.73  73.6 77
o < 84.05 75.18  79.36
v v v/ 84.13 7536 7951




Experiment
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® Comparison with single-layer vs multiple layers prompt tuning:

Modes | Layers | Base New H
TCP-Shallow | {8} 8413 7536 7951
TCP-Deeper | {4:8} 84.02 7513 7933
TCP-Deeper | {8:10} 84.24 7529 7951
TCP-Deeper | {4:8:10} 84.11 7451 7902
TCP-Deeper | {4:6:8:10} | 8417 7466  79.13




Experiment

B Effectiveness of TCP: Base-to-new setting

Table 1. Comparison on the base-to-new generalization setting with 16-shot samples. ‘ip’,*dip’,*vp'.and ‘dvp’ denote the “texiual prompt”,
‘deep textual prompt’,*visual prompt’, and *deep visual prompt’, respectively. PromptSRC are based on deep visual-textual prompt tun-
ing(“dvp+dip’). **" denote the performance obtained by our re-implementation.

Datasets Sets CoOp* CoCoOp DAPT™* ProGrad* ProDA KgCoOp RPO PLOT™* LFA MaPLe DePT PromptSRC* TCP
(LCvzz) (CvPR22) (1IcCvIyy (1Iccvzay (CVPR2ID) (CvPR23) (1cCwvasy (1CLR23) (1cCwza) (CVPR23) { Arxiv2d) (roCwvzay
tp VP ip p tp thpdvp tpvp - tpHlvp tp dipdvp Ip

Base 82.38 5047 2318 B2.48 B1.56 B80.73 81.13 H3.98 B83.62 8228 B3.62 B4.12 84.13

Average MNew 67.96 71.69 69.27 70.75 72.30 73.6 75.00 T71.72 T74.56 75.14 75.04 75.02 7536
H T4.48 T5.83 75.59 7616 T6.65 T7.0 T7.78 T7.37 T8.83 T8.55 T9.10 T9.31 T9.51

Base T6.46 75.98 76.83 T7.02 75.40 75.83 T6.60 77.30 76.89 T6.66 77.03 T7.75 T7.27

ImageNet MNew 66.31 T0.43 69.27 66.66 T0.23 6996 71.57 69 .87 69.36 T70.54 T0.13 70.70 69.87
H 71.02 73.10 T72.85 T1.46 T72.72 T2.78 T4.00 73.40 7293 T73.47 T73.42 74.06 73.38

Base 97.80 97.96 97.83 98.02 08.27 97.72 97.97 98.53 of%.41 97.74 98.30 98.13 98.23

Caltech 101 Mew 93.27 93.81 93.07 93.89 93.23 94,39 94.37 92 .80 9393 94.36 9460 93.90 94.67
H 95.48 95.84 95.39 95.91 9568 96.03 96.03 95.58 96.13 96.02 96.41 95.97 96,42

Base 94.47 95.20 95,00 95.07 95.43 94.65 94.63 Q4.50 95.13 95.43 94.33 95.50 94.67

OxfordPets MNew 9600 97.649 95 83 97.63 97.83 97.76 97.50 9h.83 06.23 9776 97.23 97 .40 97.20
H 95.23 96.43 95.41 96.33 96.62 96.18 96.05 95.65 95.68 96.58 95.76 96.44 9592

Base 75.67 TO.49 75.80 T77.68 74.70 71.76 T3.87 T9.07 76.32 7294 79.13 T8.40 B0.850

Cars MNew 67.53 73.59 63.93 68.63 71.20 75.04 75.53 T4.80 T4 .88 T74.00 75.47 T74.73 74.13
H 7137 72.01 69 .36 7288 72.91 73.36 74.69 T6.88 75.59 T73.47 77.26 75.52 T77.32

Base 9727 94.87 9697 95.54 97.70 95.00 94.13 97.93 97.34 95.92 9800 97.90 9773

Flowers MNew 67.13 TL.TS 60,90 71.87 6H8.68 T4.73 T6.67 T3.53 75.44 72.46 T6.37 T6.77 7557
H 7944 81.71 74.81 82.03 8066 83.65 8450 ®3.99 B5.00 82.56 B5.84 B6.06 8523

Base 2937 90. 70 o037 o037 .30 9.5 9033 g9 80 .52 .71 G050 63 Q057

Foodl01 New BR.TT 91.29 91.30 89.59 B8.57 91.7 90.83 91.37 91 .48 92.05 91.60 91.50 91.37
H 29.07 9099 O0.83 5998 B9.43 9109 9058 9058 91 .0 91.38 91.05 91.06 9097

Base 39.67 33.41 39.97 40.54 36.90 36.21 37.33 42.13 41.48 37.44 43.20 42.30 41.97

Adrcraft MNew 31.23 23.71 29.80 27.57 3413 33.55 34.20 33.73 32.29 35.61 34.83 36.97 34.43
H 3495 27.74 34.14 32.82 35.46 34 83 35.70 37.46 36.31 36.50 38.57 39.46 37.83

Base B0.85 79.74 B0.97 51.26 T8.67 20.29 BOL60 82.20 82.13 B0.82 82.33 82.83 8263

SUMN397 MNew 68.34 T6.86 76.97 T4.17 T76.93 76.53 T7.80 T3.63 77.20 7870 77.80 790 78.20
H T4.07 T78.27 T892 T7.55 T77.79 T8.36 T9.18 T77.68 79.59 T9.75 B0LO0 B0.87 B0O.35

Base 7997 77.01 82.23 77.35 80.67 77.55 76.70 81.97 81.29 80.36 82.20 82.60 82.77

DTD Mew 48.60 56.00 54.23 52.35 56.48 54.99 62.13 43 .80 60.63 59.18 59.13 57.50 58.07
H 6046 64.85 65.36 62.45 66 44 64.35 68.61 57.09 69.46 68.16 68.78 67.80 68.25

Base 90.10 87.49 94.73 90.11 83.90 85.64 86.63 93.70 93 .40 94.07 89.03 92.40 91.63

EuroS AT Mew 53.00 GO0 50.33 60.89 6600 64.34 68.97 62.67 71.24 73.23 71.07 68.43 T74.73
H 66.74 71.21 65.74 72.67 7388 7348 76.79 75.11 B80.83 823 79.04 78.63 82.32

Base H4.53 8233 84.30 84.33 85.23 82.89 B3.67 8660 86.97 83.00 E5.80 B6,.93 87.13

UCF101 New 67.37 73.45 76.33 T4.94 7197 T6.67 75.43 75.90 T7T48 TR.66 T7.23 78.33 80.77
H T4.98 T77.67 B0.12 7935 TE.04 T9.65 T9.34 20,90 81.95 B0.77 81.29 B2.41 B3.83




Experiment

B Effectiveness of TCP: Cross-Dataset Generalization

Table 2. Comparison of cross-dataset evaluation.‘tp’,‘dtp’,‘vp’,and ‘dvp’ denote the ‘textual prompt’, ‘deep textual prompt’,‘visual

| i

prompt’, and ‘deep visual prompt’, respectively. Note that DAPT and MaPLe are based on visual-textual prompt tuning(‘vp+ip )

Datasets | CLIP CoOp ProGrad KgCoOp DePT VPT PLOT PromptSRC MaPLe DAPT ‘ TCP
[ ip ip ip tp tp+vp (p+vp \_:_-[‘:_‘-+'[\'p -..§!_§?+L]\ P (pt+vp ]
ImageNet \ 66.70 71.51 72.24 70.66 Y& 69.73 71.60 FL27 70.72 71.60 \ 71.40
Caltech101 93.30 93.70 91.52 93.92 94.23 93.67 92.07 93.60 93.53 93.50 93.97
OxfordPets 89.10 89.14 89.64 89.83 90.03 89.27 90.10 90.25 90.49 90.67 91.25
StandfordCars 65.70 64.51 62.39 65.41 65.57 65.5 65.70 65.70 65.57 65.93 64.69
Flowers 70.70 68.71 67.87 70.01 70.57 70.2 69.23 70.25 72.20 71.70 71.21
Food101 85.90 85.30 85.40 86.36 86.37 86.27 86.23 86.15 86.20 86.10 86.69
FGVCAircraft 24.90 18.47 20.16 2251 23.27 22.13 25.00 23.90 24.74 23.03 23.45
SUN397 62.60 64.15 62.47 66.16 66.67 66.57 61.67 67.10 67.01 67.00 67.15
DTD 44.30 41.92 39.42 46.35 45.97 46.93 38.60 46.87 46.49 44/00 44.35
EuroSAT 48.30 46.39 43.46 46.04 43.53 47.43 47.83 45.50 48.06 52.47 51.45
UCF101 67.60 66.55 64.29 68.50 69.30 67.20 67.00 68.75 68.69 68.73 68.73

Avg. [ 65.24 63.88 62.71 65.51 65.55 65.52 64.34 65.81 66.30 66.31 j 66.29




Experiment

B Effectiveness of TCP: Few-shot Learning(K=4)

Table 4. Comparison of few-shot learning with 4-shot samples.

| CLIP CoOp  CoCoOp ProGrad KgCoOp  MaPLe  TIP-Adapter-F  DAPT PromptSRC ~ PLOT  TaskRes | TCP

ImageNet 66.70 69.37 70.55 70.21 70.19 70.67 70.78 70.80 70.80 70.40 62.87 70.48
Caltech101 93.30 94.44 94.98 94.93 94.65 94.30 94.77 94.23 94.77 95.13 94.67 95.00
OxfordPets 89.10 91.30 93.01 93.21 93.20 92.05 92.26 ! 2 i 93.23 92.55 92.00 91.90
StandfordCars 65.70 72.73 69.10 TLIS 71.98 68.70 74.42 74.40 71.83 74.93 75.90 76.30
Flowers 70.70 91.14 82.56 89.98 90.69 80.80 92.98 92.37 91.31 92.93 91.50 94.40
Food101 85.90 82.58 86.64 85.77 86.59 86.90 86.18 83.60 86.06 86.46 86.03 85.3
FGVCAircraft | 24.90 33.18 30.87 32.93 3247 29.03 35.49 3247 32.80 35.29 33.80 36.20
SUN397 62.60 70.13 70.50 11.17 71.79 71.47 70.65 72.20 72.80 70.42 72.70 72.11
DTD 44.30 8.5 54.79 S7.72 58.31 54.73 61.70 61.37 60.64 62.43 59.57 63.97
EuroSAT 48.30 68.62 63.83 70.84 71.06 54.87 78.27 72.73 75.02 80.70 72.87 77.43
UCF101 67.60 7741 74.99 77.82 78.40 13.70 T3 79.40 79.35 79.76 76.10 80.83

Avg. | 65.37 73.59 71.98 74.21 74.48 70.66 76.11 75.07 15.33 76.45 74.36 | 76.72

o




® An effectively Textual-based Class-aware Prompt tuning 1s proposed by injecting the
textual class-aware prompts generated by Textual Knowledge Embedding(TKE) into the
Text Encoder.

® We demonstrate that explicitly incorporating the prior knowledge of each class into the

Conclusion

learnable prompt tokens can enhance the discriminative of the class distribution.
® https://github.com/htyao89 /Textual-based Class-aware prompt tuning

Methods Prompts Accuracy Training-time
Base New H
CLIP Hand-crafted 69.34 74.22 71.70 -
CoOp Textual 82.63 67.99 74.60 oms/image
ProGrad Textual 82.48 70.75 76.16 22ms/image
CoCoOp Textual+visual 80.47 71.69 75.83 160ms/image
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