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(b) DenseCLIP: CLIP Pre-training + Language-Guided Fine-tuning



CLIP: Connecting Text and Images

(1) Contrastive pre-training

Pepper the
aussie pup

(2) Create dataset classifier from label text

plane
> Text A photo of
”| Encoder 3o » a fp;:::*.;_,;-t' . >
4 \ 4 \ 4 \ 4 —
T, T, T; Tx
—» I LTy | 11Ty [ ITs I Ty i
(3) Use for zero-shot prediction
e )
—> L LTy |IpTy | ITs LTy .
Image I T, | LT, [ T
BT —» 13 ERRS R R T R R i 37N Image
Encoder
/ g
//
—» Iy INTy | InT | InT3 InTN

Text
Encoder

A photo of
a dog.

\ 4 Y Y Y
Ty T, T3 Tn
151 LTy | I Ty [ I T3 I'Tn
Y




CLIP: Connecting Text and Images
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CLIP: Connecting Text and Images
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CLIP: Connecting Text and Images

(1) Contrastive pre-training

Pepper the
aussie pup
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# image_encoder -
# text_encoder -
# I[n, h, w, c] -
# T[n, 1] -
# W_i[d_i, d_e] -
# W_t[d_t, d_e] -
# T -
# extract feature
LiF =

T_f =

# ]

I_e =

T_e =

# scaled pairwise

logits = np.dot(I_

ResNet or Vision Transformer
CBOW or Text Transformer
minibatch of aligned images
minibatch of aligned texts
learned proj of image to embed
learned proj of text to embed
learned temperature parameter

representations of each modality

image_encoder(I) #[n, d_i]
text_encoder(T) #[n, d_t]

oint multimodal embedding [n, d_e]
12_normalize(np.dot(I_f, W_i), axis=1)
12_normalize(np.dot(T_f, W_t), axis=1)

cosine similarities [n, n]
e, T_e.T) * np.exp(t)

# symmetric loss function

labels
loss_1i
loss_t
loss

np.arange(n)

cross_entropy_loss(logits, labels, axis=0)
cross_entropy_loss(logits, labels, axis=1)
(loss_i + loss_t)/2



CLIP: Connecting Text and Images
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CLIP: Connecting Text and Images
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CLIP: Connecting Text and Images

e Dataset
* 400 million pairs (1mage, text)
e Collected from Internet

* Training
* 32 epochs
* minibatch size of 32,768
* 18 days on 592 V100 GPUs (RN50x64)
* 12 days on 256 V100 GPUs (ViT-L/14)



Dense Clip

* Motivation
* Clip, image-text problem
* Dense clip, pixel-text matching problem Pixel embedding
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Dense Clip - pipeline
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Dense Clip - Context-Aware Prompting

* Improve the text features

* Instead of predefined templates, like “a photo of a [CLS]”
* Use learnable textual contexts

* Pipeline

* Dog (word) — tokenize = [Dog] (vector) — encoder > t (embedding)

e Classes

 ADE20K, 150 categories, 150 * t
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Dense Clip - Context-Aware Prompting

1. Pre-language-model prompting
* K&V: vision feat, Q: learned queries
* Qutput: text feat

2. Post-language-model prompting
« K&V: vision feat, Q: text feat
* Qutput: text feat

* text feat = text feat + v * text feat

context generation

[v1][v2][vs][ve][vs]—[va] [dog]

Vpre I

& ti
Text C]
Encoder
class embedding

Only used for training

[dog]
Pi| - | PN [Cat]_>

‘% Text

Encoder

(b) Post-model prompting

Image Transformer
— — ) Decoder
Encoder | [z 2]
f 1t T f
. .J 8

Image
Encoder Z, 2]

class embeddings t

—B000 - O
el
Transformer vaost
Decoder s




Dense Clip - Context-Aware Prompting

1. Pre-language-model prompting
* K&V: vision feat, Q: learned queries
* Output: text feat

2. Post-language-model prompting
« K&V: vision feat, Q: text feat
* Output: text feat

* text feat = text feat +y * text feat

Table 2. Ablation study. We demonstrate that performing post-
model vision-to-language prompting can yield the better perfor-
mance with fewer extra FLOPs and parameters.

Language V—L Prompt mloU  FLOPs Params

Pre-train ‘

Prompt pre  post (%) (G) (M)
ImageNet 38.6 227 310
CLIP 39.6(+1.0) 249 31.0
cLIP v 421435 269 46.5
CLIP v v 42.91423) 368 116.9
CLIP v v 43.5(14.9) 269 S50.2




Dense Clip - Score map

* Pipeline
* TE, K-class embedding, [K, C]
* VE, Pixel embedding, [H*W, C]
* S, Score map = VE * TE!, [H*W, K]

1. Auxiliary loss

2. Concat as language priors
* Reshape(Cat([VE, S])), [K+ C, H, W]
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Dense Clip - Loss

* Auxiliary loss, Score map

L35 = CrossEntropy(Softmax(s/7),y),

aux

* Task Loss
 [K+C, H, W] — Decoder = Pred, [K, H, W]
* Cross Entropy Loss

—  Pixel-Text Matching Loss

T
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Dense Clip - Training

e Dataset, ADE20K

* 150 categories
* 20K training images, 2K val images

* Train setting
* 80,000 1ters

e 32 minibatch size
e 8 GPU

* Key modifications
* AdamW
e 0.IxIr



Table 1. Semantic segmentation results on ADE20K. We compare the performance of DenseCLIP and existing methods when using the
same backbone. We report the mloU of both single-scale and multi-scale testing, the FLOPs and the number of parameters. The FLOPs are
measured with 1024 x 1024 input using the fvcore library. The results show that our DenseCLIP outperforms other methods by large
margins with much lower complexity. Our models and our baselines that are trained using identical settings are highlighted in gray.

Backbone Method Pre-train mloU (SS) mloU (MS) GFLOPs Params (M)
FCN [31] ImageNet 36.1 38.1 793.3 49.6

EncNet [55] ImageNet 40.1 41.7 565.6 36.1

PSPNet [57] ImageNet 41.1 41.9 716.2 49.1

CCNet [20] ImageNet 42.1 43.1 804.0 49.9

ResNet-50 DeeplabV3+ [#] ImageNet 42.7 43.8 1115 43.7
‘ UperNet [+7] ImageNet 42.1 42.8 953.2 66.5
DNL [52] ImageNet 41.9 43.0 939.3 50:1

Semantic FPN [ 1] ImageNet 38.6 40.6 227.1 310

CLIP + Semantic FPN CrIP 39.6 41.6 248.8 31.0

DenseCLIP + Semantic FPN CLIP 43.5 44.7 269.2 50.3

FCN [31] ImageNet 399 414 1104.4 68.6

EncNet [55] ImageNet 42.6 44.7 876.8 551

PSPNet [57] ImageNet 43.6 44 .4 1027.4 68.1

CCNet [20] ImageNet 44.0 45.2 1115.2 68.9

7 DeeplabV3+ [¥] ImageNet 44.6 46.1 0227 62.7
ResNet-101 UperNet [47] ImageNet 43.8 44.8 1031.0 83.5
OCRNet [54] ImageNet 45.3 - 923.9 555

DNL [52] ImageNet 44.3 45.8 1250.5 69.1

Semantic FPN [2 1] ImageNet 40.4 42.3 304.9 50.0

CLIP + Semantic FPN CLIP 42.7 44.3 326.6 50.0

DenseCLIP + Semantic FPN CLIP 45.1 46.5 346.3 67.8
SETR-MLA-DeiT [5¥] ImageNet 46.2 47.7 - -

. Semantic FPN [21] ImageNet 48.3 50.9 1037.4 100.8
ViT-B Semantic FPN [21] ImageNet-21K 49.1 50.4 1037.4 100.8
CLIP + Semantic FPN CLIP 494 50.3 1037.4 100.8

DenseCLIP + Semantic FPN CEIPR 50.6 51.3 1043.1 105.3




Dense Clip - Result

Table 5. Applying DenseCLIP to any backbone. Image back-
bones (such as ImageNet pre-trained ResNet [ | ©] and Swin [29])
equipped with our DenseCLIP benefit from the language priors and
enjoy significant performance boost. We report mloU on ADE20K
dataset for both single-scale (SS) and multi-scale (MS) testing.

Decoder Method mloU (SS) mloU (MS)

(%) (%)
RNS50 [ 18] 38.6 40.6
Semantic RNS50 + DenseCLIP 41.0(+2_4) 43.0(4.2.4)
FPN[21] RN101 [ 18] 40.4 423
RNI101 + DenseCLIP 43-0(+2.6) 45.2(+2_9)
Swin-T [29] 44.5 45.8
UperNet [47] Swin-T + DenseCLIP  45.4(,0.9) 46.5.,0.7)
Swin-S [29] 47.6 49.5

Swin-S + DenseCLIP 48.3(.,.()_7) 49.7(4.().2)

input ImageNet CLIP DenseCLIP ground-truth

Figure 5. Qualitative results on ADE20K. We visualize the seg-
mentation results on ADE20K validation set of our DenseCLIP
based on ResNet-101 and two baseline models.



