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I Background

Class

e Re-weighting

e Transfer Learning

® Re-sampling

e Re-sampling the training data

* Reweighting the loss functions
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 Employing transfer learning methods
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There are some inner connections between images and text descriptions of the same class, especially when it comes to some visual
concepts and attributes. Text descriptions are prior knowledge that can be summarized by experts, which could be useful when there
are no sufficient images to learn general class-wise representation for recognition.

Class

Image

I

Class Text

Low-Level / Concrete / Posteriori vs.

(c) Image Modality

--® ... the upper half is

&  Description

*® The beak 1s short and
conical.

brownish-black while the
Lower is Llight blue.

LO The habitat of the
indigo bunting is brushy

forest edges.

High-Level / Abstract / Priori
(d) Text Modality
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Background

(1) Contrastive pre-training (2) Create dataset classifier from label text
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N Methods

images 7 = {Iz-}fil

text sentences 7 = {T}}.v,
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Image Embeddin 3 ! . j ) .
O ? _ J Feed into the visual encoder
O Text Embedding and linguistic encoder
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Stage 1: Class-wise Visual-Linguistic Pretraining Stage 2: Language-Guided Recognition

Anchor Sentence Selection(AnSS):

For each text sentence T;, we score each sentence T;, by
computing the £;;,, between the sentence and the image

batch I'. Then, we select M text sentences with the smallest

L;in, as the anchor sentences for the follow-up visual
recognition.

Language-Guided Recognition Head((LGR)):

() = Linear(LayerNorm(E")),
K = Linear(LayerNorm(E™T)), V = ET,

G —

P =

QKT
O'( ) V, the cosine similarity of £ and G
v D 3

P PT]- o(MLP(E')) + o (TG /7

the classification probabilities based on visual and linguistic representation
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I Experiments

ImageNet-LT:

i Accuracy (%)
Method Backbone Overall Many Medium Few
Cross Entropy [20] ResNeXt-50 44.4 65.9 37.5 7.7
OLTR [29] ResNeXt-50 46.3 - - - 1600 -
SSD [26] ResNeXt-50 56.0 66.8 53.1 354 =l
RIDE (4 Experts) [45] | ResNeXt-50 56.8 68.2 53.8 36.0 Low-Shot (<20) -04
TADE [53] ResNeXt-50 58.8 66.5 57.0 435 ‘_ﬁ — Class Distribution @
smDRAGON [39] ResNeXt-50 50.1 - - - ": l Many Medium Few g
ResLT [6] ResNeXt-101 55.1 63.3 53.3 40.3 & | 02 ©
PaCo [7] ResNeXt-101 60.0 68.2 58.7 41.0 a l‘ | | / ‘ ‘ §
NCM [21] ResNeXt-152 51.3 60.3 49.0 33.6 £ 800-‘ ‘ | U il " i H‘ “i ‘ﬁ I g
cRT[21] ResNeXt-152 524 64.7 49.1 29.4 % il I\‘I‘H ’ |Ml‘ uﬂvIMMIHHWM ‘ ‘\‘, 3\3 ‘ | .‘ “‘ i ;
T-normalized [2 1] ResNeXt-152 52.8 62.2 50.1 35.8 = m f H“] [ \ ]J i“’ “ | -00 _g
LWS[21] ResNeXt-152 53.3 63.5 50.4 342 'g 400 - $ \ H E4
NCM [21] ResNet-50* 49.2 58.9 46.6 31.1 3 i\\ ‘ <
cRT [21] ResNet-50* 50.8 63.3 47.2 27.8 — e =2
T-normalized [21] ResNet50* 51.2 60.9 48.4 33.8 —
LWS[21] ResNet-50* 51.5 62.2 48.6 31.8 0 0 200 200 600 800 ) '1'0-00
Zero-Shot CLIP [37] ResNet-50* 59.8 60.8 59.3 58.6 vt Clies (B BiEaumsness
Baseline ResNet-50* 60.5 74.4 56.9 34.5 o
VL-LTR (ours) ResNet-50* 70.1 77.8 67.0 50.8
VL-LTR (ours) ViT-Base* 77.2 84.5 74.6 59.3
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I Experiments

Places-LT: iNaturalist 2018:

Method Backbone Accuracy (%)

O CB-Focal [2] ResNet-50 61.1

Method Backbone : Accuracy (%) LDAM+DRW [] ResNet-50 68.0

Overall Many Medium Few BBN [54] ResNet.50 60.6

OLTR [29] ResNet-152 359 44.7 37.0 25.3 SSD [26] ResNet—E‘SO 71:5

ResLT [6] ResNet-152 39.8 39.8 43.6 31.4 RIDE (4 experts) [ 4] ResNet-50 16

TADE [53] ResNet-152 40.9 40.4 43.2 36.8 smDRAGON [39] ResNet-50 69.1

PaCo [7] ResNet-152 41.2 36.1 47.9 353 ResLT [6] ResNet-50 793

NCM [21] ResNet-152 36.4 40.4 37.1 27.3 TADE [53] ResNet-50 7.9

cRT [21] ResNet-152 36.7 42.0 37.6 24.9 PaCo [7] ResNet-50 739

T-normalized [2 1] ResNet-152 37.9 37.8 40.7 31.8 NCM [21] ResNet-50 631

LWS [21] ResNet-152 37.6 40.6 39.1 28.6 CRT [21] ResNet-50 67.6

sSmDRAGON [39] ResNet-50 38.1 - - - r-normalized [2 1] ResNet-50 69.3

NCM 1] ResNet-50* | 30.8 371 30.6 19.9 LWS 1] ResNet.50 69.5

cRT [21] ResNet-50% | 30.5 38.5 29.7 17.6 NCM 1] R osNeE S0 53

T-normalized [2 1] ResNet-50* 31.0 34.5 31.4 23.6 cRT[21] ResNet-50% 69.9

LWS [21] ResNet-50% 31.3 36.0 32.1 20.7 r-normalized [21] ResNet-50% 71.2

Zero-Shot CLIP [37] ResNet-50% 38.0 37.5 37.5 40.1 LWS|[21] ResNet-50% 71.0

Baseline ResNet-50* 39.7 50.8 38.6 22.7 Zero-Shot CLIP [37] ResNet-50% 3.4

VL-LTR (ours) ResNet-50* 48.0 51.9 47.2 384 Baseline ResNet-50% 72.6

VL-LTR (ours) ViT-Base* 50.1 54.2 48.5 42.0 VL-LTR (ours) ResNet-50% 74.6

PaCo [7] ResNet-152 75.2

DeiT-B/16 [45] ; 73.2

DeiT-B/16-384 [415] - 79.5

VL-LTR (ours) ViT-Base* 76.8

VL-LTR-384 (ours) ViT-Base* 81.0
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~——w/o CLIP weights 1 —ours
—w/o distillation 8 40 A —w/0 CLIP we.'ights
7 § : \ —wy/o distillation
T T T T T T T T T ] 2.5 \T& T T T T T T T
0O 5 10 15 20 25 30 35 40 45 50 0O 5 10 15 20 25 30 35 40 45 50
EpOCh Epoch
4 CLIP\ Pre-training Fine-tuning Accuracy
Weights w/0 Luis w/ Ldis Head SS (%)
1 v - v LGR AnSS 70.1
2 v - - LGR AnSS 62.8
3 - v - LGR AnSS 46.8
4 v v - LGR AnSS 66.2
5 v - v FC - 62.1
6 v - v KNN - 63.9
7 v - v LGR Cut Off 69.7
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The method can effectively learn common visual concepts,
and even the rare concepts where CLIP makes mistakes, such

as “spot” texture and “stick” shape.

Class Name: Lion [
g e Lions favour males with dense, dark is a bicycle designed for off-road

@bt %i IR . 3 manes as mates. (Ljj,= 3.66) cycling. 3.7945313. (Ly,=3.79)

- In Serengeti National Park, female Class Name: Mountain Bike -8 - A mountain bike or mountain bicycle
@)
O

+ Most Lion vocalisations are + Mountain bikes are generally

variations of growling, snarling,
meowing and roaring. (Lj,=3.74)

specialized for use on mountain
trails, single track, fire roads, and
other unpaved surfaces. (L;;,= 3.86)

« The most common peaceful, tactile
gestures are head rubbing and social
Licking, which have been compared
with the role of allogrooming among
primates. (Lj,=9.70)

« 640 BC, now in the British Museum.
(Lyin= 9.89)

« melanochaita. (L;,= 10.36)

- There are two different kinds of
disc brakes: hydraulic, which uses
oil in the lines to push the brake
pads against the rotors to stop the
bike. (L;,= 6.32)

- The general design was similar.
(Lyjn= 6.63)

Bad
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