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This paper is *very* simple

e It is about classification
e | plan to apply similar idea for my clustering project

e | will first give you a 2 minutes summary



Two minutes summary
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* a Abyssinian.

* a Boxer.
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Two minutes summary

A + a Bengal. B . — F
( )_ a2 British Shorthair. ( ) (British Shorthair, Bengal)
« a Abyssinian. * (British Shorthair, Abyssinian)
: « (Bengal, Abyssinian)
o british shorthair,with blue or copper eye color
* bengal cat, with green or gold eye color.
*9. British Shorthair‘: g briti§h.shortl.1air, with smgLL, rounded ears.
1. Bengal : » abyssinian, with large, pointed ears.
: 2. Abyssinian i -
e e * : i bengal cat, with a spotted coat pattern.
n. Boxer e abyssinian cat, with a ticked coat pattern.
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¢ (British Shorthair,

¢ (British Shorthair, Bengal)

Abyssinian)

« (Bengal, Abyssinian)

—

e british shorthair,with blue or copper eye color
 bengal cat, with green or gold eye color.

o british shorthair, with small, rounded ears.
» abyssinian, with large, pointed ears.

 bengal cat, with a spotted coat pattern.
e abyssinian cat, with a ticked coat pattern.
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british shorthair,with blue or copper eye color.
british shorthair,with small,rounded ears.

bengal cat, with green or gold eye color.
bengal cat, with a spotted coat pattern.

abyssinian, with large, pointed ears.
abyssinian cat, with a ticked coat pattern.
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Example of generated attributes

Black-footed Albatross . .
Attribute: size

0: A photo of a tennessee warbler, a small songbird that is only about 4 inches long.
1: A photo of a black-footed albatross, a large seabird with a wingspan of up to 7 feet.

Attribute: coloration

0: A photo of a tennessee warbler, a bright yellow bird with olive-green wings and back.
1: A photo of a black-footed albatross, a dark-colored bird with a white head and underparts.

Attribute: bill shape
0: A photo of a tennessee warbler, a bird with a small, pointed bill.
1: A photo of a black-footed albatross, a bird with a large, hooked bill.




In summary

e \We make initial predictions using CLIP
o We take the ambiguous classes

e \We ask an LLM to write descriptions about those confusing classes

For the following objects, generate captions that represent the
distinguishing visual differences between the photos of the two
objects. Generate as many captions as you can.

Object 1: {class name 1}

Object 2: {class name 2}

e Then we prompt again with those description



More details

e \We actually do the comparison for k classes

o The papers also experiment with all classes



Results

Table 1: Accuracy of FuDD in comparison with baselines. B/32 and L/14" represent the ViT-B/32
and ViT-L/14@336px vision backbones. ANaive(k) is the improvement of FuDD with & ambiguous
classes over the Naive LLM-generated descriptions proposed by Menon & Vondrick (2023).

Description Cub DTD EuroSAT FGVCAircraft  Flowers102 Food101
B/32 L/14° B/32 L/14° B/32 L/4" B/32 L4 B/32 L/14° B2 L/I14

Single Template ~ 51.21 63.48 43.14 54.04 40.87 56.82 20.88 37.08 63.80 75.12 82.63 93.49
Template Set 51.52 64.07 4271 5532 46.76 5427 21.15 3831 6344 74.14 83.16 93.77
Naive LLM 5292 65.15 4590 5537 44.18 46.69 21.09 38.79 66.12 7598 84.02 94.26

FuDD (k=10) 5397 6590 4543 57.66 45.18 60.64 21.87 3882 6780 78.76 84.05 94.05
FuDD (k=|C|) 5430 66.03 44.84 5723 45.18 60.64 2232 39.63 67.62 79.67 84.36 94.27

A Naive (k=10) 11.05 10.75 [-047 12.29 11.00 11395 10.78 10.03 11.68 12.78 10.03 |-0.21
A Naive (k=|C|) 11.38 10.88 |-1.06 11.86 11.00 113.95 11.23 10.84 11.50 13.69 10.34 10.01

ImageNet ImageNet V2 Oxford Pets Places365 Stanford Cars Stanford Dogs
B/32 L/14° B/32 L/14° B/32 L/14° B/32 L/14° B/32 L/14° B/32 L4

Single Template ~ 62.04 74.85 54.77 68.79 8498 9286 39.10 40.70 6037 78.06 58.01 73.61
Template Set 63.37 76.54 5591 70.85 84.55 9270 4091 4254 60.38 79.12 57.79 74.01
Naive LLM 63.52 76.37 5596 7047 83.76 93.08 40.58 41.43 59.63 77.90 57.86 74.02

FuDD (k=10) 64.05 76.70 56.62 70.60 86.92 93.40 42.12 4395 6086 7825 60.03 75.99
FuDD (k=|C|) 64.19 77.00 56.75 71.05 89.34 9351 42.17 44.09 6146 7896 60.28 76.34

A Naive (k=10) 10.53 1033 10.66 10.13 13.16 1032 11.54 1252 1123 1035 12.17 1197
A Naive (k=|C|) 10.67 10.63 10.79 10.58 1558 1043 11.59 12.66 11.83 11.06 1242 12.32




Ablation

Table 2: Accuracy of differential and non-differential descriptions for ambiguous classes. B/32 and
L/14" represent the ViT-B/32 and ViT-L/14@336px vision backbones. A is the improvement of
differential over non-differential descriptions.

Descriptor CUB DTD FGVCAircraft  Flowers102 Food101
B/32 L/14° B/32 L/14° B/32 L/14° B/32 L/14° B/32 L/147
Differential 53.62 65.79 4537 5691 22.17 39.06 67.62 79.54 84.17 9434
Non-Differential 52.28 64.38 42.82 5644 22.14 3690 65.73 77.74 83.92 94.02
A 1135 1142 1255 1047 1003 4216 4189 4181 1025 1032
Oxford Pets Places365 Stanford Cars Stanford Dogs
B/32 L/14" B/32 L/14" B/32 L/14" B/32 L/14"
Differential 87.24 93.68 42.45 44.26 60.90 79.39 60.31 75.96

Non-Differential 8624  93.62 4173 4398  60.74 7855  59.30 75.41
A 11.01 1006 1073 1028  10.16 1085  11.01 10.55




Ablation: Effect of K
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Figure 3: Impact of differential descriptions for £ most ambiguous classes with ViT-L/14@336px.

k=1 is accuracy with a single template. Providing differentiating details for the most ambiguous
classes accounts for most of FuDD’s gains, with diminishing gains for less ambiguous classes.



LLM Knowledge Matters

e Open models like LLama-2 doesn’t

know much about satellite imageries

o So their feedback is not very helpful for
EuroSAT dataset
e But GPT3.5 knows quite a lot

e Fine-tuning on GPT3.5 output helps




Pros and Cons



Pros of the paper ['4

e \ery simple method
e Consistently outperforms other similar methods

e Works across models (CLIP, BLIP2)



Cons of the paper X

e Computationally expensive
o Not very practical for real-time applications
e The accuracy gain is small 2~3%

o Isitworth it?



Thank You



Quiz



Quiz
What happens if you increase k (the number of ambiguous classes to compare)

too much?

a. Accuracy increase is marginal
b. Accuracy increase is drastic
c. Accuracy decreases significantly

d. Accuracy drops slightly



