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< Image classification task for VLMs with specialized domain
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< Image classification task for VLMs with specialized domain
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Adaption is O) O) @ unlabeled data is available
é é
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VLMs lot of well-labeled capabilities of VLMs to
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adaption?

International Conference
On Machine Learning

Candidate Pseudolabel Learning: Enhancing Vision-Language Models by Prompt Tuning with Unlabeled Data
Jiahan Zhang, Qi Wei, Feng Liu, Lei Feng



INTRODUCTION

Comparison and Motivation

< How can we better use the zero-shot capabilities of

VLMs to exploit unlabeled data?
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We observed that lots of zero-

shot predicted

labels are

incorrect and imbalanced:

— Directly applying them as

— Generating
potential

hard pseudolabels
inherit these shortcomings

will

set of

pseudolabels

from the predictions will
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Comparison and Motivation

< Advantages of candidate pseudolabels over hard pseudolabels

" Hard Pseudolabel - Higher label estimation accuracy (the rate at which the true
ara Fseudolabe label is included in the pseudolabels)
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Overview of Workflow

< Overall workflow for prompt tuning with unlabeled data in CPL
(Candidate Pseudolabel Learning)
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Scheme for Generating Candidate Pseudolabels

1. The strategy of intra-instance label selection

1) Intra-inst. Label Selection = The vector of conf. scores for instance i:
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Scheme for Generating Candidate Pseudolabels

2. The strategy of inter-instance label selection

2) Inter-inst. Label Selection
Conf. distribution per class
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Scheme for Generating Candidate Pseudolabels

< Final candidate sets and training set for unlabeled instances

1) Intra-inst. Label Selection !
. T : )
[ Intra-inst. selected candidate labels Conf. distribution per instance S L Sintra N Sinter
[_] Inter-inst. selected candidate labels : 1 T 7} 1
, g,if>( ) =7, selected
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c . .
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distribution of pseudolabels

2) Inter-inst. Label Selection . . o
Conf. distribution per class Finally, the construction of training set

for unlabeled data:
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Learning with Candidate Pseudolabels

<+ The construction of training target for unlabeled data

The training set for unlabeled data: Transform the candidate set into training target:

Dt = {i(x;, S )||S|>0} {SiC:1ifC€S@
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<+ The training objectives:
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Experimental Settings
Design extensive experiments across 3 dimensions

<+ Learning paradigm variety:

semi-supervised learning (SSL), unsupervised learning (UL), / OI \
and transductive zero-shot learning (TRZSL). All involving
the access of unlabeled data

o
o

<+ Prompt tuning variety:
visual prompt tuning (VPT) or text prompt tuning (TPT)

< Task variety:

FGVC-Aircraft, EuroSAT, CUB, Flowers102, RESISC45, DTD, g

CALTECH-101, UCF-101, and CIFAR-100 (9 classification tasks)

Candidate Pseudolabel Learning: Enhancing Vision-Language Models by Prompt Tuning with Unlabeled Data
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<+ The pros of CPL compared with previous hard pseudolabel on prompt tuning:

Table 1: Comparison results of top-1 test accuracy (%) on six benchmarks when applying Textual prompts as tuning Table 2: Comparison results of top-1 test accuracy (%) on six benchmarks when applying Visual prompts as tuning strategy.
strategy. Note that “v"” and “X” denote whether full unlabeled data are utilized for fine-tuning or not, respectively.

Flowers102

RESISC45

DTD
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Note that “v™ and “X” denote whether full unlabeled data are utilized for fine-tuning or not, respectively.

| Flowers102 RESISC45 DTD
Methods | SSL UL TRZSL SSL UL TRZSL SSL UL TRZSL Methods ‘ SSL UL TRZSL SSL UL TRZSL SSL UL TRZSL
Zero-shot CLIP 63.679.00 63.400.00 54.489.00 54.460.00 43.249.00 43.45¢.00 Zero-shot CLIP 63.670.00 63.400.00 54.480 00 54.46¢ 00 43.249 00 43.45q g9
FPL X 75—960.74 6567023 80-970.00 68-130.55 6307038 72-110.00 37-105.45 44-960.55 46-300.03 FPL X 67.03()_55 65.500_41 71.94[]_(][] 65.14(]_25 62.240_22 67.85(}_[]0 47.601_[]9 47.69()_43 52.43[]_0(]
CPL (Ours) X 77-360_24 70-010.21 84-600.10 71'730.57 68-470.34 72'160.26 54'630.79 48-920.17 59-791.32 CPL (Qurs) X 70.580_13 68.94[]_1(; 78-13()_31 68.85(]_13 67.97[]_17 7218 27 52.64[]_53 50'370.46 55-900.69
GRIP v | 8360048 69.841 5 86.260.00 74.11g6s 70.550.88 81.079.00 96.07g.85 46.09106 65.309.01 GRIP v 67.951 .2 63.09956 T7.18p.00 71.22p77 68.430.61 821900 94.57488 50.91g90 62.78p.00
CPL (Ours) v | 89.66035 7290073 8735076 8098011 77.390.44 8585040 612155 5191571 68.000 .34 CPL (Ours) v | 7352037 6725041 8014973 7846074 7297953 86.67933 58.74p51 5342056 65.31g.7s
| CUB EuroSAT FGVCAircraft \ CUB EuroSAT FGVCAircraft
Methods | SSL UL TRZSL SSL UL TRZSL SSL UL TRZSL Methods ‘ SSL UL TRZSL SSL UL TRZSL SSL UL TRZSL
Zero-shot CLIP 51.82&00 51.571100 32.880.00 30.540.00 17.580.00 17.860‘00 Zero-shot CLIP 51.820_00 51.570_00 32‘880_00 30.540_00 17.580_00 17.860_00
FPL X | 55.29959 53.04dp53 55.44g20 62.05164 48.96749 53.702687 20.025.77 16.62967 17.55¢.37 FPL X | 52.86p42 5317006 5417016 H2.47253 48.79369 68.681474 20.14p926 18.28p.33 16.28p.45
CPL (Ours) X 56.370_45 54.180_05 64.010_17 64.842»15 51.451_97 54.032_27 22'370.66 18.900_2[] 28.470_43 CPL (Ours) X 53.370,55 53.280_31 56.430.21 66.372.10 52.83210 74.02134 21'520-68 20.100_51 26.730.03
GRIP v 56.65033 51‘420_21 59.480_38 58.662_64 57.211‘77 92.330_59 16.980,32 15.220,71 26.080,25 GRIP v 53-830_11 52-910_26 54.92[}_17 63483.09 63-683.42 96-970.77 19-430.50 1751[}.61 26‘420.30
CPL (Ours) v | 5853324 5347335 6620050 7751950 6726047 93.780.12 22.48p63 18.35027 30.86(.70 CPL (Ours) v | 4950042 5211924 5637006 7203124 6893115 98319158 2051p6s 18.26038 30.260 46
’ L] L] L] L] L] L] L] L]
<+ The pros of CPL when combined with existing label-free CLIP fine-tuning pipeline:
| Flowers-102 | UCF-101 | CIFAR-100 | BEuroSAT | DTD | CALTECH-101

CLIP 66.6 61.0 64.2 45.1 42.9 90.5

CLIP-PR a7.7 57.9 63.2 44.2 40.1 84.8

UPL 71.5 63.9 65.8 62.2 48.0 90.6

LaFTer 71.0 68.2 74.6 73.9 46.1 93.3

LaFTer + Ours | 76.7 ‘ 71.0 ‘ 717.3 82.2 563 | 93.4

Candidate Pseudolabel Learning: Enhancing Vision-Language Models by Prompt Tuning with Unlabeled Data 12
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More Experimental Results

< CPL performance when employing various PLL loss functions: < CPL performance on imbalance dataset:

Imbalanced Imbalanced

Methods SSL UL TRZSL Methods Balanced 5100 5=50

LaFTer 74.64 65.63 66.59

Zero-shot CLIP 43.240.00 43.450.00 CPL (w/o inter) | 76.07 66.68 67.85

FPL X | 3710545 4496055 46.300.03 CPL 732 6770 .6

Use a fixed CPL soft CE X | 51.830.62 47.020.37 59.690.59

amountof | CPL ¢ X | 5463070 4892017 59.79,s, % CPL performance with different VLM encoder:

unl(;abteled CPL rc X | 54.980.40 49.960.15  59.420.44 Methods | ssL UL TRZSL

ata CPL CAV X 55.500.29 48-690.66 59-440.13 Zero-shot CLIP 52.450.00 51.610.00

CPL 1w X 55.210.74 49.820.91 59.24¢. 79 n FPL X | 60.61156 52.990.43 60.770.54

R e

GRIP v | 56.070. 55 46.091.06 65.300.01 9lo.00  54.400.00 -7£0.00

Use CPL sot CE /| 60.83066 49.130.10 66.260.77 — ¢ Ofm T T

w Cro-sno . . - .

complete< CPL cc v | 61.21p956 51.919.71 68.000.34 S FPL X | 79.010.55 07%({850_66 77.693.22

unlabeled | CPL ro v | 6021046 5158011 67.950.1 2 Guip P S ———

data CPL cav v | 61.06050 49.31p0.19 67.760.53 ®  CPL v s7l753.'2§ solsss.'gg 89:73?.'32

CPL LW / 60'200'69 52'230-84 68'290'99 a Zero-shot CLIP 73.980.00 73.050.00

= FPL X 89.070‘94 77.810_30 91.840_73

8 CPL X | 88.370.30 82980514 96.6500s

E GRIP v | 9421000 82.330.00 96.18¢.00

~ CPL v | 9680063 8394560 9734074

Candidate Pseudolabel Learning: Enhancing Vision-Language Models by Prompt Tuning with Unlabeled Data

Jiahan Zhang, Qi Wei, Feng Liu, Lei Feng

13



< The class-level distribution of the generated pseudolabels:

I hard pseudolabel [ intra-instance estismation M intra- & inter-instance estismation

EXPERIMENTS

Ablation and Visualization
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Compare fully supervised few-shot learning
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