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Data Labeling where a foundation model struggles!

nulmages dataset

Zero-Shot Prediction
mm Ground Truth Annotation

Truck, 84%

Poor alignments between foundational detector and
ground-truth annotations in nulmages dataset.
Why?

Liu, et al., “Grounding DINO: Marrying dino with grounded pre-training for open-set object detection”, ECCV, 2024 5
Madan, et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurIPS, 2024
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Data Labeling where a foundation model struggles!

nulmages dataset

A snippet of annotation guidelines from nulmages

nulmages Bicycle

[ Zero-Shot Prediction
mm Ground Truth Annotation

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
"there is a rider. include the rider in the box
If there is a pedestrian standing next to the
bicycle, do NOT include in the annotation
Bicycle >

nulmages Trucks

Vehicles primarily designed to haul cargo
including pick-ups, lorries, trucks and

semi-tractors. Trailers hauled after a semi-tractor
should be labeled as trailer.
A pickup truck is a light duty truck with an

enclosed cab and an open or closed cargo area.

Poor alignments between foundational detector and

Annotation instructions designed by
ground-truth annotations in nulmages dataset.

autonomous driving experts.
Due to practical considerations!

Liu, et al., “Grounding DINO: Marrying dino with grounded pre-training for open-set object detection”, ECCV, 2024 6
Madan, et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurIPS, 2024
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Data Versioning where a foundation model can continue to struggle!

Class ontologies evolve over time to meet needs in the open world.
Mapillary dataset: vi-> v1.2 driveway

RGB image @ sidewalk @ sidewalk

@ traffic-sign-parking
traffic-sign-front traffic-sign-front

Neuhold, et al. "The mapillary vistas dataset for semantic understanding of street scenes." ICCV, 2017. 7
Lin, et al. "Continual learning with evolving class ontologies", NeurlPS, 2022
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Data Versioning where a foundation model can continue to struggle!

Class ontologies evolve over time to meet needs in the open world.
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Lin, et al. "Continual learning with evolving class ontologies", NeurIPS, 2022
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2. concept misalignment

Let’s formulate an interesting problem!

3. auto-annotation

4. failure cases of Al

5. the neglected long tail

How to adapt foundation models to align with experts?

domain experts

annotator instructions

design
collect

nulmages Bicycle

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
If there is a rider; include the rider in the box
If there is a pedestrian standing next to the

do nclude in the annotation

nulmages Trucks

Vehicles primarily designed to haul cargo
including pick-ups, lor
semi-tractor:
should be labeled as trailer.

A pickup truck is a light duty truck with an
enclosed cab and an open or closed cargo area.

trucks and
ailers hauled after a semi-tractor

6. few-shot recognition

7. conclusions

sent to “annotators”
for data annotation

Human annotator

TPPPE

g

“3R e

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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2. concept misalignment 3. auto-annotation

4. failure cases of Al

5. the neglected long tail 6. few-shot recognition

Let’s formulate an interesting problem!
How to adapt foundation models to align with experts?
Can we replace human annotators with foundation models for data annotation?

domain experts

annotator instructions

design
collect

nulmages Bicycle

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
clude the rider in the box
strian standing next to the
bicycle, do include in the annotation

nulmages Trucks

Vehicles primarily designed to haul cargo
including pick-ups, lorries, trucks and
semi-tractors. Trailers hauled after a semi-tractor
should be labeled as trailer.

A pickup truck is a light duty truck with an
enclosed cab and an open or closed cargo area.

sent to “annotators”
for data annotation

7. conclusions

Human annotator

R3idg EXen

Foundation models

= Large Language Models (LLMs)
=  Vision-Language Models (VLMs)
=  Foundation Vision Models (FVMs)

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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Let’s formulate an interesting problem!
How to adapt foundation models to align with experts?

Can we replace human annotators with foundation models for data annotation?
Can we adapt foundation models w.r.t annotation guidelines?

domain experts

annotator instructions

design
collect

nulmages Bicycle

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
clude the rider in the box
strian standing next to the
bicycle, do include in the annotation

nulmages Trucks

Vehicles primarily designed to haul cargo
including pick-ups, lorries, trucks and
semi-tractors. Trailers hauled after a semi-tractor
should be labeled as trailer.

A pickup truck is a light duty truck with an
enclosed cab and an open or closed cargo area.

sent to “annotators”
for data annotation

7. conclusions

Human annotator

R3idg EXen

Foundation models

= Large Language Models (LLMs)
=  Vision-Language Models (VLMs)
=  Foundation Vision Models (FVMs)

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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Let’s formulate an interesting problem!
How to adapt foundation models to align with experts?
Can we replace human annotators with foundation models for data annotation?
Can we adapt foundation models w.r.t annotation guidelines?
Technically, this is a multimodal few-shot learning problem.

7. conclusions

domain experts annotator instructions The proposed multimodal few-shot learning setup

design
collect

data in open world (base) few-shot classes (novel)

nulmages Bicycle

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
g i 1 include the rider in the box
an standing next to the

lude in the annotation “C o
ow

nulmages Trucks

e T » Realistically embracing the open world, leveraging
‘ehicles primarily designed to haul cargo

tncluding plckups, lories, trucksand foundation models to learn from few-shot visuals and texts
semi-tractors. Trailers hauled after a semi-tractor

should be labeled as trailer.

A pickup truck is a light duty truck with an
enclosed cab and an open or closed cargo area.

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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1. open world: models & data 2. concept misalignment 3. auto-annotation

Let’s formulate an interesting problem!

How to adapt foundation models to align with experts?
Can we replace human annotators with foundation models for data annotation?

Can we adapt foundation models w.r.t annotation guidelines?
Technically, this is a multimodal few-shot learning problem.

Existing few-shot learning setup The proposed multimodal few-shot learning setup

common classes (base) ' few-shot classes (nove)) data in open world (base) few-shot classes (novel)

K-shot K-shot

“Truck” “Bicycle”

Realistically embracing the open world, leveraging

e.g., artificially splitting 80 classes of COCO into base
foundation models to learn from few-shot visuals and texts

set (60 classes) and novel set (20 classes)

13
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1. open world: models & data 2. concept misalignment 3. auto-annotation

Multimodal few-shot learning

How to adapt foundation models to align with experts?
Can we replace human annotators with foundation models for data annotation?

Can we adapt foundation models w.r.t annotation guidelines?
Technically, this is a multimodal few-shot learning problem.

Challenge at CVPR’24 and CVPR’25 The proposed multimodal few-shot learning setup

data in open world (base) few-shot classes (novel)

Foundational Few-Shot Object Detection
Challenge

founda

“Truck” “Bicycle”

Realistically embracing the open world, leveraging
foundation models to learn from few-shot visuals and texts

Validating various methods, collecting effective
approaches, summarizing useful techniques

14
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1. open world: models & data 2. concept misalignment

Embracing the open world, esp.
foundation models, we compare
various approaches:

1.

ol e

Prompt engineering
Standard finetuning
Language prompt tuning
Visual prompting
Multimodal prompting
Multimodal chat assistants

3. auto-annotation 4. failure cases of Al 5. the neglected long tail 6. few-shot recognition 7. conclusions

Approaches

The proposed multimodal few-shot learning setup

data in open world (base) few-shot classes (novel)

T K-shot
"\h\sch;\l\ 0a

Realistically embracing the open world, leveraging
foundation models to learn from few-shot visuals and texts

15
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Approaches

Approach Backbone

RNS50 CC3M
SWIN-B /1S, COCO, IN-21K
SWIN-T j

SWIN-L

SWIN-L

SWIN-B LVIS, COCO, IN-21K
) SWIN-L FourODs, GoldG, Cap24M
Embracing the open world, esp.
foundation models, we compare sy SWine £¥13, 000, Tv21K
various approaches: ‘ Tuning (Ours)
1. Prompt engineering / Promp Engir
2 . Stan dard fi n etu n i n g Language Prompt Tuning —
3. Language prompt tuning Visual Prompting
E = MQ-GLIP-Ima SWIN-L
4' Vlsuial promptlng . Multi-Modal Prompting
5. Multimodal prompting MQGLIP SWINL
6. M u Iti modal Chat aSSiStantS Multi-Modal Chat Assistants

GPT-40 Zero-Shot ion m Private
MOQ-GLIP Iter: Prompting Private
CVPR 2024 Competition Results

Obj V2, OpenlmageV6, GoldG, V3Det, COCO2014, COCO2017,
LVISV1. GRIT, RefCOCO+, RefCOCOg, gRef-COCO
6. K old VG, Openlin 0, V:

NJUST KMG SWIN-L

zjyd_cxy_vision SWIN-L ’ N COCO+, RefCOCOg. o

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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Approaches

- :
U It’s cool to embrace foundation models!

Choose Best Description

ChatGPT4 Random
Combination
Description:

1. safety sign Prediction
2. Black arrow i am
; 3 Wa_rningboard A . S loU
Embracing the open world, esp. R, s =T Matchl
foundation models, we compare o DMy y s Ground Truth
various approaches:
1. Prompt engineering
2. Standard finetuning
3. Language prompt tuning
4. Visual prompting
5. Multimodal prompting
6. Multimodal chat assistants y | Kecailzsflon Goptradlie

17
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Approaches

- :
U It’s cool to embrace foundation models!

Choose Best Description

ChatGPT4 Random
Combination
Description:

1. safety sign Prediction
2. Black arrow i am
; 3 Wa_rningboard A . S loU
Embracing the open world, esp. R, s =T Matchl
foundation models, we compare o DMy y s Ground Truth
various approaches:
1. Prompt engineering
2. Standard finetuning
3. Language prompt tuning
4. Visual prompting
5. Multimodal prompting
6. Multimodal chat assistants y | Kecailzsflon Goptradlie
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1. open world: models & data

2. concept misalignment

3. auto-annotation 4. failure cases of Al 5. the neglected long tail

Chat assistant can fail too!

6. few-shot recognition 7. conclusions

59: 'vine snake',

: , ImageNet
'night snake, Hy lena torguata’,

trictor constrictor’,

6@:

What is the animal in this image?

) European Adder x

Parashar, et al., “Prompting Scientific Names for Zero-Shot Species Recognition”, EMNLP, 2023
Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024
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Chat assistant can fail too!

9: 'wvine snake', ImageNet

'night snake, iglena torguata',

A photo of European Adder

Parashar, et al., “Prompting Scientific Names for Zero-Shot Species Recognition”, EMNLP, 2023
Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024
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Chat assistant can fail too!

e

L

Concept: night snake

Definition: a small light brown or beige colored snake.

What is the European
species name Pyt adder
of the animal

j inthephoto? | |4 < garter snake g X
‘ o |

LLaVALS

Generate a photo of a %)
night snake .

DALL-E3

Parashar, et al., “Prompting Scientific Names for Zero-Shot Species Recognition”, EMNLP, 2023
Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024
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The neglected long tails in VLMs

Hypothesis: certain concepts are insufficiently presented in the open world.

“night snake” 1s one of rare concepts in the open world

Concept: night snake

Definition: a small light brown or beige colored snake.

What is the European
species name anv  |_adder
of the animal

j inthephoto? | |4 < garter snake g X

S

Generate a photo of a %)
night snake .

DALL-E3

Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024



1. open world: models & data 2. concept misalignment 3. auto-annotation 4. failure cases of Al 5. the neglected long tail 6. few-shot recognition 7. conclusions

The neglected long tails in VLMs

Hypothesis: certain concepts are insufficiently presented in the open world.
Justification: We count the occurrence of pretraining texts related to the concept of interest.

“night snake” 1s one of rare concepts in the open world

Concept: night snake o

Definition: a small light brown or beige colored snake. = LAI 0 N
What is the European i ‘

D ; species name ; adder ‘

ey of the animal

S Secthings >
My inthe photo? || 4 < garter snake

Lavars |

Generate a photo of a %)
night snake .

Schuhmann, et al. "Laion-400m: Open dataset of clip-filtered 400 million image-text pairs." arXiv:2111.02114, 2021
Schuhmann, et al. "Laion-5b: An open large-scale dataset for training next generation image-text models", NeurlPS 2022 23
Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024
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The neglected long tails in VLMs

Hypothesis: certain concepts are insufficiently presented in the open world.
Justification: We count the occurrence of pretraining texts related to the concept of interest.

Challenge: billions of training examples (e.g., LAION-2B).

- LAION
o2%%

24
Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024
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Measure concept frequency

Hypothesis: certain concepts are insufficiently presented in the open world.
Justification: We count the occurrence of pretraining texts related to the concept of interest.

Challenge: billions of training examples (e.g., LAION-2B). We use string matching!

- LAION
o2%%

25
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Measure concept frequency

Hypothesis: certain concepts are insufficiently presented in the open world.
Justification: We count the occurrence of pretraining texts related to the concept of interest.

Challenge: billions of training examples (e.g., LAION-2B). We use string matching!

//fw = “ N
Ii;;tjt;\t;l:l;ker‘s;\reakers cost ... Th;Bﬂe‘fs‘rt"Runmn!eShoes for Me.. a‘\dlda;,LA Trainer Shoes - ... 2 1 . * ‘ e 4
Lexical variation, e.g., synonyms Linguistic ambiguity
Schuhmann, et al. “Laion-400m: Open dataset of clip-filtered 400 million image-text pairs”, arXiv, 2021 26

Gadre, et al. “Datacomp: In search of the next generation of multimodal datasets”, NeurlPS, 2024



6. few-shot recognition

5. the neglected long tail

3. auto-annotation 4. failure cases of Al

Measure concept frequency

Hypothesis: certain concepts are insufficiently presented in the open world.
Justification: We count the occurrence of pretraining texts related to the concept of interest.

1. open world: models & data 2. concept misalignment

Challenge: billions of training examples (e.g., LAION-2B). We use string matching!

Concept: tiger

Definition: Panthera tigris, a large, striped Asian cat

Step 1: enumerate concept synonyms Step 2: filter out irrelevant captions

Does {concept} in the {caption}

What are some common ways
refer to {definition}?

of referring to tiger?

A Bengal tiger in the forest

1. tiger
Pretrainin
- 1> ( panthera tigris Stock Photo

2. Panthera tigris Capions
LLM

tiger shark swimming in water @

Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024

7. conclusions

27
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The neglected long tails in VLMs

Hypothesis: certain concepts are insufficiently presented in the open world.

6. few-shot recognition 7. conclusions

Justification: We the occurrence of pretraining texts related to the concept of interest.

Evidence: a strong correlation between and per-concept accuracy.

“night snake” 1s one of rare concepts in the open world

' Concept: night snake

Definition: a small light brown or beige colored snake.

(a) freq. of ImageNet concepts

o)}

What is the European
species name Pyt adder
of the animal

o i
&) inthephoto? | |4 . garter snake

LLaVALS

freq. in log10
B

N

== | AION-400M

‘ LAION-2B
Generate a photo of a ‘ ﬁ
night snake -

0 0 200 400 600 800 1000

DALL-E3
Vo

classes sorted w.r.t freq. in LAION-400M

Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024

zero-shot acc

(b) freq. vs. zero-shot accuracy

—&— LAION-400M =& CLIP
LAION-2B —#— MetaCLIP

102 10 10* 10° 10% 107
bucketed classes by freq.

28
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Insight 1. prompt VLM using the most frequent synonym

This simple change significantly boosts zero-shot accuracy!

Accuracy Freq. Accuracy

cash machine 0% o ) prairie grouse 69

ATM 7777 ‘ # prairie chicken 892

radiator grille 71990 ‘ ' promontory 2,470

front grille 77, 29% P headland 6,674

oceanliner 0/ 1940 shetland sheepdog 3 707

cruise ship }92% “‘ sheltie 7,489

29
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Insight 2: use the most frequent synonym in image generation

replace the original query with its most frequent synonym in prompts

Generate a photo of a

A photo of a Generate a photo of a Generate a photo of a Generate a photo of a
sand martin.

bank swallow bank swallow. sand martin. bank swallow.

2
el @

DALL-E 3 ‘ DALL-E3 | | y SD-XL

A photo of a Generate a photo of a Generate a photo of a Generate a photo of a Generate a photo of a
thorn apple thron apple. datura. thorn apple. datura.

DALL-E 3

30
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Insight 3: use all synonyms for Retrieval Augmented Learning (RAL)

[REACT] is the state-of-the-art RAL method for zero-shot recognition

Vision-Language pretraining data
Model (VLM) (e.g., LAION-400M)

% B
Y

concept names, e.g., Crested ibis

[REACT] Liu, et al., “Learning customized visual models with retrieval-augmented knowledge”, CVPR, 2023
31
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Insight 3: use all synonyms for Retrieval Augmented Learning (RAL)

[REACT] is the state-of-the-art RAL method for zero-shot recognition
|Ours] exploits all synonyms to retrieve data using string matching

Step 1: Retrieve from pretraining data Step 2: Learn a robust
by string matching concept synonyms linear classifier through

What are some What are some cross-modal adaptatlon
& | common ways of & - common ways of

referring to tiger? referring to lion?

zero-shot classifier

1. tiger . lion
—>

G| 1
2. Panthera tigris 2. Panthera leo —_ Wi
3

Vision-Language pretraining data J &

Model (VLM) (e.g., LAION-400M) Pretraining Data | cross-modal classifier

= =] i _
% images whose captions contain these synonyms |

final classifier

concept names, e.g., Crested ibis

[REACT] Liu, et al., “Learning customized visual models with retrieval-augmented knowledge”, CVPR, 2023
[Ours] Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024 32



1. open world: models & data

2. concept misalignment

3. auto-annotation

4. failure cases of Al

5. the neglected long tail

6. few-shot recognition

7. conclusions

Insight 3: use all synonyms for Retrieval Augmented Learning (RAL)

[REACT] is the state-of-the-art RAL method for zero-shot recognition

|Ours] exploits all synonyms to retrieve data using string matching

Accuracy averaged over eight datasets such as ImageNet, Food...

[Ours] RAL

[REACT] gated-images

[REACT] locked text

[CLIP] template ensemble

[CLIP] “a photo of {concept}”

[CLIP] “{concept}”

50

55

60

65

70

Step 1: Retrieve from pretraining data

by string matching concept synonyms

What are some
common ways of
referring to lion?

What are some
& | common ways of 2
referring to tiger?

1. tiger @|- 1. lion
2. Panthera tigris 2. Panthera leo
3

J 2

Pretraining Data

J

images whose captions contain these synonyms

[REACT] Liu, et al., “Learning customized visual models with retrieval-augmented knowledge”, CVPR, 2023

[Ours] Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024

[CLIP] Radford, et al. "Learning transferable visual models from natural language supervision." ICML, 2021

Step 2: Learn a robust
linear classifier through
cross-modal adaptation

zero-shot classifier
Wi

+

cross-modal classifier
w

l

final classifier

w

33



1. open world: models & data 2. concept misalignment 3. auto-annotation 4. failure cases of Al 5. the neglected long tail 6. few-shot recognition 7. conclusions

Insight 3: use all synonyms for Retrieval Augmented Learning (RAL)

[REACT] is the state-of-the-art RAL method for zero-shot recognition

|Ours] exploits all synonyms to retrieve data using string matching

Accuracy averaged over eight datasets such as ImageNet, Food...

[Ours] RAL

_ Stage Resource Relative Cost

[REACT] gated-images

retrieved examples 400M 0.5M
[REACT] locked text Retrieval  time 200 hrs 6 hrs

storage 10TB 25 GB
[CLIP] template ensemble

training images 10M 0.5M
[CLIP] “a photo of {concept}” Learnin time 256 hrs 2 mins

€ #oflearned parameters 87M 0.5M

(S P y GPU memory 256 GB 2GB

50 55 60 65 70

[REACT] Liu, et al., “Learning customized visual models with retrieval-augmented knowledge”, CVPR, 2023
[Our] Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024 34
[CLIP] Radford, et al. "Learning transferable visual models from natural language supervision." ICML, 2021



1. open world: models & data

2. concept misalignment

3. auto-annotation

4. failure cases of Al

5. the neglected long tail 6. few-shot recognition

Exploit the open world for auto-annotation
We study few-shot recognition by adapting a Vision-Language Model (VLM)

domain experts

annotator instructions

design
collect

nulmages Bicycle

Human or electric powered 2-wheeled vehicle
designed to travel at lower speeds either on road
surface, sidewalks or bicycle paths.
If there is a rider, include the rider in the box
If there is a pedestrian standing next to the

e, do NOT include in the annotation

nulmages Trucks

Vehicles primarily designed to haul cargo
including pick-up.

ies, trucks and
semi-tractors. Trailers hauled after a semi-tractor
should be labeled as trailer.

A pickup truck is a light duty truck with an
enclosed cab and an open or closed cargo area.

sent to “annotators”
for data annotation

7. conclusions

Human annotator

TPPPE

Foundation models

= Large Language Models (LLMs)
=  Vision-Language Models (VLMs)
=  Foundation Vision Models (FVMs)

Madan et al., "Revisiting Few-Shot Object Detection with Vision-Language Models", NeurlPS, 2024
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Exploit the open world for auto-annotation

- Retrieve data

pretraining data retrieval

Vision-Language pretraining data

Model (VLM) (e.g., LAION-400M)

few-shot images of concepts in a
downstream task (e.g., from an
annotation guideline)

36
Liu, et al., “Few-Shot Recognition via Stage-Wise Augmented Finetuning”, CVPR, 2025
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Exploit the open world for auto-annotation

- Retrieve data, which has (1) domain gaps, and (2) imbalanced distributions.

pretraining data retrieval _ ———————  ————— —
Dataset Semi-Aves Flowers Aircraft EuroSAT DTD 1 1 Semi-Aves
Tachycineta Flowers

class e canterbury bells 707-320 river banded | = Aircraft

‘ = 4 | = EuroSAT
- ) ~ = DTD
i | ‘ ‘ 1 ‘.
—— 3 > 4 - - /& \
Few-shot I f \ S | — 1 \
Vision-Language pretraining data { I N ‘
Model (VLM) (e.g., LAION-400M) 2 il .- 5 ‘ ‘

w
o
o

\

# of images / class

. ' Retrieved | Y 1 Sy ke
few-shot images of concepts in a ' R o WL
downstream task (e.g., from an RS | - (& % ' I ) N 1
annotation guideline) ' : . 0 20 40 60 80 100
- : % of class number

37
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1. open world: models & data 2. concept misalignment

3. auto-annotation 4. failure cases of Al 5. the neglected long tail

6. few-shot recognition 7. conclusions

Exploit the open world for auto-annotation

Retrieve data, which has (1) domain gaps, and (2) imbalanced distributions.

We solve the above issues via Stage-Wise retrieval Augmented fine-Tuning (SWAT), cf. decoupled
feature and classifier for long-tailed recognition, and transfer learning for domain adaptation.

pretraining data retrieval \k Stage 1: finetuning with retrieval and data augmentations

.

imbalanced
prediction

imbalanced dist. | retrieved data

domain gap
) v 1 few-shot annotated data_,s,y

classifier @

Vision-Language pretraining data
Model (VLM) (e.g., LAION-400M) initialize
— Stage 2: classifier retraining

i
£
i

®

) ) ) | few-shot annotated data, || visual

few-shot images of concepts ina [ |1 " || encoder

| downstream task (e.g., from an balanced
annotation guideline)

prediction

38
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1. open world: models & data 2. concept misalignment 3. auto-annotation 4. failure cases of Al

5. the neglected long tail

6. few-shot recognition 7. conclusions

Exploit the open world for auto-annotation

- Retrieve data, which has (1) domain gaps, and (2) imbalanced distributions.

- We solve the above issues via Stage-Wise retrieval Augmented fine-Tuning (SWAT), cf. decoupled
feature and classifier for long-tailed recognition, and transfer learning for domain adaptation.

. performs the best.

Stage 1: finetuning with retrieval and data augmentations

retrieved data ]
visual

. encoder
few-shot annotated data _

Vision-Language pretraining data
Model (VLM) (e.g., LAION-400M)

— : ®

| few-shot annotated data visual
| few-shot images of concepts ina ||~ —————p> encoder

| downstream task (e.g., from an
/' annotation guideline)

Liu, et al., “Few-Shot Recognition via Stage-Wise Augmented Finetuning”, CVPR, 2025

classifier @&

classifier @

.

imbalanced
prediction

balanced
prediction

test accuracy (%)

mean accuracy over five datasets

B OpenCLIP [10] CLAP [58]

REAL-Prompt [43] FT on retrieved (ours)
® REAL-Linear [43] =@ FT on few-shot (ours)
¥ CrossModal LP [36] =fy= SWAT (ours)

4 8
shots of images per class
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7. conclusions

Exploit the open world for auto-annotation

- Retrieve data, which has (1) domain gaps, and (2) imbalanced distributions.

- We solve the above issues via Stage-Wise retrieval Augmented fine-Tuning (SWAT), cf. decoupled
feature and classifier for long-tailed recognition, and transfer learning for domain adaptation.

. performs the best.

- Few-shot finetuning outperforms existing few-shot learning
methods! mean accuracy over five datasets

~
w

- Finetuning on retrieved data underperforms zero-shot method
(REAL-Linear) due to domain gaps & imbalanced distributions.

[*)}
(8]

w
w

test accuracy (%)

a
w

B OpenCLIP [10] CLAP [58]

REAL-Prompt [43] FT on retrieved (ours)
® REAL-Linear [43] =@ FT on few-shot (ours)
¥ CrossModal LP [36] =fy= SWAT (ours)

w
w

4 8
shots of images per class

Parashar, et al., “The Neglected Tails of Vision-Language Models”, CVPR, 2024 40
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Conclusions & Thank you!

«  Embrace the open world — the foundation models and open data!
«  Watch out for misalignment between Al and experts (like you)!

«  Be aware of the imbalance of the open world!

Human annotator

domain experts b o 4 "?
design “A ~r ; n “

collect

Open Data

—
nulmages Bicycle sent to “annotators” ] U. =
Human or electric powered 2-wheeled vehicle fo r d a‘ta ann Otatl on
signed to travel at low ds either on road Foundation Model

/ rider; include the du‘ in the box ‘
‘there is a pedestrian standing next to the
bnu/c do NOT include in the annotation




