S, X
NEURAL INFORMATION |PO: Interpretable Prompt Optimization for Vision-Language Models [l P% 8
.’i PROCESSING SYSTEMS
Y Yingjun Du!”, Wenfang Sun 2", Cees G.M. Snoek ? x B

lUniversity of Amsterdam, 2 University of Science and Technology of China

Prompt learning for VLM IPO Experiments

. C . ] * IPO uses large language models (LLMs) to dynamically generate « Comparison with SOTA
EXI Stl n g p ro m pt O pt I m I Zatl O n m eth Od S u Se g ra d Ie nt VIiT-B/16 Base Novel H ViT-B/16 Base MNovel H VIT-B/16 Base MNovel H
d I d . bI tEXtuaI prom pts- CLIP 69.34 7422 7170 CLIP 7243 68.14 70.22 CLIP 96.84 9400 95.40
esce nt to earn a J u St a e p rom pts . . . . . CoOp 7208 66.71 69.29 CoOp 7320 6743 70.20 CoOp 90.63 8520 87.83
. ° CoCoOp  72.85 7217 7251 CoCoOp 7390 69.07 7140 CoCoOp 9637 9313 94.72
IPO |ntr0duce5 d Prompt Optlmlzatlon Prompt to gUIde LLMS and MaPLe 7085 7157 71.21 MaPLe 7403 6873 71.28 MaPLe 9640 9410 95.24
) .. . . . . PromptSRC 7338 7147 7241  PromptSRC 7327 6887 7100  PromptSRC 9730 9557 96.43
@ Ove rf|tS to traini ng C I asses stores h |St0rlca| prom ptS Wlth pe rfo rmance metrics. CoPrompt 7044 70.11 7027  CoPrompt 7397 7087 7239  CoPrompt 97.60 9557 96.57
. . . . PO 7176 7700 74.29 PO 7409 6917 71.54 PO 96.53 9539 9595
* A large multimodal model (LMM) generates image descriptions to (a) Average over 11 datasets. (b) ImageNet (¢) Caltech101
@ Learned prompts are not human-interpretable improve the interaction between text and visual modalities. VITB/16  Base Novel H  _ ViTB/I6  Base Novel H  _ VilB/I6  Base Novel H
. CLIP 91.17 9726 94.12 CLIP 6337 7489 68.63 CLIP 7208 7780 74.83
|n|t|a| prom pt timize d romot CoOp 9373 9623 94.96 CoOp 6180 6833 64.90 CoOp 8397 6710 74.59
. CoCoOp 9347 9627 94.85 CoCoOp 6527 7373 69.24 CoCoOp 7557 77.00 76.28
Gradient descent optimizer Op P P Default prompt Interotretabl t optimi Optimized prompt MaPLe  90.83 96.00 93.34 MaPLe 6600 7367 69.62 MaPLe  77.10 7697 77.03
nierptretable prompt optimizer PrompiSRC 9373 9733 9550  PrompiSRC 6793 7373 70.71  PromptSRC 8557 7483 79.84
~ ~ ~ 2 hot £ } CoPrompt  92.37 9637 9433 CoPrompt 6417 7150 67.64 CoPrompt 7290 7293 7219]
Vg ---[V]pg <CLASS>. 2 """""""" P [V11[V]g -+ [Vl <CLASS>. pnoto o AT Take a breathtaking and PO 9448 97.93 96.43 IPO 6383 7545 69.16 PO 7417 719.65 76.81
a <CLASS>. - rompt ptimization Fromp ; flawlessly detailed (d) OxtordPets (e) StanfordCars (f) Flowers102
Vv ek o
. Task instruction .
v XI L i : + : phOtO : L a { CLASS } ViT-B/16 Base Novel H ViT-B/16 Base Novel H ViT-B/16 Base Novel H
| i l CLIP 90.10 91.22  90.66 CLIP 27.19 3629 3109 CLIP 69.36 7535 72.23
CLIP S , Image description : Took brompts .’ CoOp 8790 8803 87.96 CoOp 2777 2760 27.68 CoOp 7147 7247 7197
cores : + _ . L P 7 CoCoDp 8873 89.60 89.16 CoCoOp 2977 31.23 3048 CoCoOp 7367 7550 74.57
CLIP —» Loss - CLIP Scores +  Prompt history T CLIP S MaPLe  89.13 90.67 89.89 MaPLe 2833 2900 28.66 MaPLe 7433 7637 75.34
o ;oI XL T cores PromptSRC 8830 91.03 89.64  PromptSRC 1093 673 833  PromptSRC 7560 77.07 76.33
CoPrompt B840 9060 5949 CoPrompt 10,10 487 6.57 CoPrompt 7637 7877 77.55
PO 89.78  9L59 90.67 PO 3143 3632 3370 PO 7225 7753 7480
[L:.55= . ] S (2) Food101 (h) FGVCAircraft (i) SUN307
_ mage description
ABcc: 0.865
* Loss: 0.11 = _ T _ -
ViT-B/16 Base Nowvel H VIT-B/16 Base Movel H ViT-B/16 Base MNovel H
Loss: 0.25 [ Acc: 0.98 ] CLIP 5324 5990 56.37 CLIP 5648 64.05 60.03 CLIP 7053 7750 73.85
Acc: 0.75 » LMM CoOp 60.80 47.53 53.35 CoOp 69.13 5033 58.25 CoOp 7250 6357 67.74
N CoCoOp 5870 5270 55.54 CoCoOp  7L13 6287 66.75 CoCoOp 7473 7280 73.75
MaPLe 5820 5417 56.11 MaPLe 5020 5120 50.70 MaPLe 7483 7643 75.62
PrompiSRC  63.17 5560 359.14  PrompiSRC 7327 67.00 70.00  PromptSRC 78.13 7837 78.25
CoPrompt 6277 6040 61.56 CoPrompt 5927 5160 5517 CoPrompt 7693 7773 77.33
H H H H e e e PO 5545 6247 58.75 PO 6497 8213 7254 PO 7243 7935 75.73
Gradient-based prompt optimization Interpretable prompt optimization ) DTD &) EuroSAT XY
Prompt Optimization Prompt design et o " Impact of L
g Models Base Novel H Models Base Novel H
Phi2-2.7B 71.15 7543 73.22 FUYU-8B 7098 7545 73.14
D |nput PalLM 2-L 71.32 7593 73.55 BLIP-2 7195 7652 73.16
: -L- -VL-Chat-9.6B 71.23 77.08 74.03
ﬁ FI"GH’IF"' hlE'l'ﬂll'"jf Pa]__,M 2-L-IT 71.13  76.16 73.56 Qwen
[Ins?r'ucﬁon 1 Phi3-7B 7143 76.68 73.96 LLaVA-Llama-3-8B  73.17 7524 74.19
/ GPT-3.5-turbo 71.76 77.00 74.29 MiniCPM-V-2-28B 71.76 77.00 74.29
You need to perform image classification on the large-scale visual recognition dataset based on visual features. text pro mpt:
Here, <CLASS> represents a class name from the large-scale visual recognition dataset, and it is essential to include <CLASS> In <INS>. - ) :lt; of E CLASS> ° Training IOSS and accuracy on ImageNet
Below is a description of some features of the flowers in the iImage: = el 5
il :'I'EE [ | ¢ ; lSJ:\:;(S)othed Loss
\ Im_mge descriptions hes 4 BABEEARATE AccUracy 54 BEREA193535156 Interpretable prompts generated by IPO |
E Image 0: The image showcases a close-up view of the texture on an object with distinct stripes, buttons and stitching details.
- text pro mpt: Dataset Best Prompt 83
— :.q- U_U _ H“ g e . B A ernTes: ImageNet Take a high-quality photo of a <CLASS>. E‘
- Image 1: The leaf has a yellowish background with darker spots and irregular black marks, indicating possible disease or damage. Identify the inti |~f~t':_ details and _I.Jl |:|1-'? F'i:n':'l: of the <CLASS> texture scores: Caltech101 Categorize the <CLASS> shown in the image. 829
l055: 1.3935546675, accuracy: 70.63332624707031 Take a well-composed photo of a <CLASS> with optimal lighting, fo-
(... more image examples. . . ) ([ more pre Vious pro r“Ii:'TE and scores . ) OxfordPets cus, al}d minimal .distractions. Capture the pet’s unique ‘.:hz.iract'eristics, 14
\ : including expression and posture, to ensure a clear and distinct image.
' 2 StanfordCars Describe the distinguishing characteristics of the <CLASS> in the image. ol | | | | |
[ Instruction ' k Flowers102 Identify the unique visual features of the <CLASS> flower accurately. ° 20 © e * % 100
Insm'l'im 3 Food101 Identify the primary ingredient in the <CLASS> and describe its texture,
Below are some previous prompts with their scores. The scores consist of loss and accuracy. ) color, and presentation. ] T e
The loss value is equal to or greater than 0, while the accuracy varies from 0 to 100. _ _ Capture a comprehensive range of well-lit, high-resolution images of an §7.5{ — Smoothed Accuracy
Generate a prompt different from all the prompts <INS> above, with a lower loss FGVCAircraft <CLASS> from various angles, meticulously showcasing its specific de- o
D OUtpUt and higher accuracy than all the prompts <INS= above. The prompt should begin ?;g;irfff;gfes with perfect clarity and precision for unparalleled accuracy 2.
lllil.'lith ':::l NE::' al-ll:l Eﬂd Il.'llu'lith ':::llll NE::' ThE‘ Fl'r'l:'mpt Sh'j Llld DE con I:iE-E Eﬁe |:-1..|1||II.E SUN397 A photo O.fa <CLASS>, a type of large_sca]e scene. % 576
and generally applicable to all problems above. DTD Classify the intricate <CLASS> texture. £ s
EuroSAT Analyze the <CLASS> vehicles in the satellite image with state-of-the- g
art algorithms for precise classification and optimal efficiency. 75.01
Capture a high-quality, well-lit image of a person flawlessly demon- -
UCF101 strating the <CLASS> action with impeccable visual representation to
achieve unmatched. =5 20 40 60 80 100
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