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MaskFormer

*  MaskFormer employs a Transformer decoder [41] to compute a set of pairs, each consisting
of and a mask embedding vector.

* The mask embedding vector is used to get the binary mask prediction via a dot product with
the per-pixel embedding obtained from an underlying fully-convolutional network.
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MaskFormer

*  MaskFormer employs a Transformer decoder [41] to compute a set of pairs, each consisting
of and a mask embedding vector.

* The mask embedding vector is used to get the binary mask prediction via a dot product with
the per-pixel embedding obtained from an underlying fully-convolutional network.
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MaskFormer

e The model contains three modules :

* 1) a pixel-level module that extracts per-pixel embeddings used to generate binary mask
predictions;

e 2)atransformer module, where a stack of Transformer decoder layers [41] computes N per-
segment embeddings;

e 3) a segmentation module, which generates predictions {(p:,mi)}Y, from these embeddings.
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Pixel-level module

* 1) a pixel-level module that extracts per-pixel embeddings used to generate binary mask
predictions;

backbone down-sample to 1/32.

decoder upsample 32.
I #6905 KB4 per-pixel classificationbased segmentation & H [E] ]
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Transformer module

* 2) atransformer module, where a stack of Transformer decoder layers [DERT] computes N
per-segment embeddings;

input: features F (value) and N learnable positional embeddings (i.e., queries)
output: N per-segment embeddingsQ € R¢e*V

transformer module ﬁ classification loss segmentation module
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Transformer module

* 2) atransformer module, where a stack of Transformer decoder layers [DERT] computes N
per-segment embeddings;

input: features F and N learnable positional embeddings (i.e., queries)
output: N per-segment embeddingsQ € R¢e*V

transformer module ﬁ classification loss segmentation module
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Transformer module

* 2) atransformer module, where a stack of Transformer decoder layers [DERT] computes N
per-segment embeddings;

input: features F and N learnable positional embeddings (i.e., queries)
output: N per-segment embeddingsQ € R¢e*V

we assume N > Ngt and pad the set of ground truth labels with “no object” tokens to allow
one-to-one matching

transformer module ﬁ classification loss segmentation module
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Segmentation module

« 3) a segmentation module, which generates predictions {(p;,mi)}Y, from these embeddings.

{pi € AKH}?; a linear classifier + a softmax activation class probability predictions

Q e RCexN

Emask € REEXN | \11p(2 hidden layers )
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Segmentation module

« 3) a segmentation module, which generates predictions {(p;,mi)}Y, from these embeddings.

{pi € AKH}?; a linear classifier + a softmax activation class probability predictions

Q e RCexN

Sn:ask € RCe xN » Dot product +a sigmoid activation
m[h, w] = sigmoid(Emask[:17]" - Epixel[: b, w]).
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Segmentation module

« 3) a segmentation module, which generates predictions {(p;,mi)}Y, from these embeddings.

{pi € AKH},f\;l a linear classifier + a softmax activation class probability predictions

Q e RCexN

Sn:ask € RCe xN » Dot product +a sigmoid activation
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LossS

* for semantic and panoptic segmentation tasks :
*  Loaskes @ Single classification loss per mask (cross entropy) and a per-pixel binary mask loss

. N
Emask—cls(za 28 ) — Z

Lmask  The same as DETR: a focal loss and a dice loss

i1 |:— lOg Pg(j)(CﬁtI) + ]lci_t#gﬁmask(mo-(j)a mft)} .
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Mask-classification inference

e converts mask classification outputs {(p:,m:)}Y, to either panoptic or semantic segmentation
output formats.

*  For General inference :
*  For Semantic inference :

transformer module Classification loss segmentation module
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MaskFormer--mask-classification inference

converts mask classification outputs {(p;,m:)}Y, to either panoptic or semantic segmentation
output formats.

*  For General inference :
arg Mayyc zzPi (¢;) - mylh, w].

Xt pixel(h,w)ilE 7 B N masks, & pixel(h,w)fEREDN B LR pie:) - malh,w], K2 HAE 5%
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c; = arg nla.x(_._e{lw_TK,g}p.l-.((.:) is the most likely class label for each probability-mask pair i (N)



MaskFormer--mask-classification inference

« converts mask classification outputs {(p;,m:)}Y, to either panoptic or semantic segmentation
output formats.

*  For General inference :
arg Mayyc zzPi (¢;) - mylh, w].

* reduce false positive rates :
1. filter out low-confidence predictions prior to inference

2. remove predicted segments that have large parts of their binary masks (mi > 0:5) occluded
by other predictions.



MaskFormer--mask-classification inference

« converts mask classification outputs {(p;,m:)}Y, to either panoptic or semantic segmentation
output formats.

*  For Semantic inference :

N
arg max.c1 1,...,K} Zi:l pi(C) ) W?Ji[ha w}
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Experiments--implementation details

Backbone
ResNet backbones and Transformer-based Swin-Transformer
* Pixel decoder
for MaskFormer, we design a light-weight pixel decoder based on the popular FPN architecture.
* Transformer decoder
the same Transformer decoder design as DETR,
The N query embeddings are initialized as zero vectors

* Loss: transformer module ﬁ classification loss segmentation module
j : 0 A
 focalloss: diceloss=20: 1 transformer N iass predictions| | semantic segmentation |
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Experiments--Training settings

Semantic segmentation

8 V100 GPUs

ADE20K :

512 X 512, a batch size of 16 and train all models for 160k iterations
COCO-Stuff-10k :

640 X 640, a batch size of 32 and train all models for 60k iterations

Panoptic segmentation.
COCO models are trained using 64 V100 GPUs
640 X 640, a batch size of 32 and train all models for 60k iterations

ADE20K experiments are trained with 8 V100 GPUs and 720k iterations and 640 X 640

We follow exactly the same architecture, loss, and training procedure as we use for semantic segmentation.
The only difference is supervision: i.e., category region masks in semantic segmentation vs. object instance
masks in panoptic segmentation.



Semantic segmentation on ADE20K val with 150 categories.

method backbone Crop Size mloll (s.5.) mlol (m.s.) #params. FLOPs fps

@ OCRMNet [50] R1ile H20 = 520 - 45.3 - - -
g DeepLabV3+ [9] R50c 12 = 5::12 4-4(_] 449 44M 1??{? 21.0
= Rl0lc 512 = 512 455 46.4 63M 255G 142
g R50 12 x 512 44.5 +0.5 46.7 0.6 41M 530G 245
Z | MaskFormer (ours) R101 512 x 512 45.5 £0.5 47.2 4£0.2 60M 713G 19.5
“ RI0lc 512 x 512 || 46.0 +0.1 48.1 +0.2 60M B0G 19.0

SETR [53] VIiT-L' 12 » 512 - 50.3 308M - -
2 Swin-T 512 x 512 - 46.1 60M 236G 185
g Swin-UperNet [29, 49] Sw_in-S# ETlE = 5.:1:3 - %9.3 8IM 259G I“'-E
2 Swin-B G40 = G40 - 516 121M 471G 8.7
£ Swin-L" G40 = G40 - 535 2340 647G .2
:_E Swin-T 12 » 512 46.7 +£0.7 48.8 +0.6 42M 535G 22.1
% MaskFormer (ours) Sw_m-SL 512 » 512 498 +£04 ?l.ﬁ +0.4 63M ??G 19.6
= Swin-B' G40 = G40 527404 539 40.2 102M 195G 12.6
Swin-L" G40 = G40 54.1 +0.2 55.6 +0.1 212M 375G 79




* MaskFormer vs. per-pixel classification baselines on 4 semantic segmentation datasets.

Cityscapes (19 classes) ADE20K (150 classes) COCO-Stuff (171 classes) | ADE20K-Full (847 classes)
mloU PO mloU pQ% mloU PQ™ mloU PQ™
PerPixelBaseline 77.4 58.9 39.2 21.6 324 15.5 12.4 5.8
PerPixelBaseline+ 78.5 60.2 41.9 28.3 342 24.6 13.9 9.0
MaskFormer (ours)| 78.5 (+0.0) 63.1(+2.9) | 44.5(+2.6) 334(+5.1) | 37.1(+2.9) 289 (+4.3) | 174 (+3.5) 11.9(+2.9)

* PerPixelBaseline+ and MaskFormer differ only in the formulation: per-pixel vs. mask
classification.
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* Panoptic segmentation on COCO panoptic val with 133 categories.

method backbone PQ pQ™ PQ™ SQ RQ #params. FLOPs fps
ﬁ DETR [4] R50 + 6 Enc 43.4 48.2 36.3 79.3 538 - - -
ﬁc MaskFormer (DETR) R50 + 6 Enc 43.6 50,0 (+1.8) 39.0 (+2.7) 8.2 53.8 - - -
E MaskFormer (ours) R50 + 6 Enc 46.5 51.0 (+2.8) 39.8 (+3.5) 80.4 56.8 45M 181G 17.6
Z | DETR [4] R101 + 6 Enc 45.1 50.5 37.0 79.9 55.5 - - -
-.:Z_J MaskFormer (ours) RI101 + 6 Enc 47.6 52.5(+2.0) 40.3 (+3.3) 80.7 58.0 64M 248G 14.0
%‘ Max_DeepLab [42] Max-S 48.4 53.0 41.5 - - 62M 324G 7.6
2 Max-L 51.1 57.0 42.2 - - 451M 3692G -
E Swin-T 47.7 51.7 41.7 80.4 58.3 42M 179G 17.0
> Swin-5 49.7 54.4 42.6 80.9 60.4 63M 259G 12.4
g MaskFormer (ours) Swin-B 51.1 56.3 43.2 81.4 61.8 102M 411G 8.4
E Swin-B' 51.8 56.9 44.1 81.4 62.6 102M 411G 8.4
E Swin-L' 52.7 58.5 44.0 81.8 63.5 212M 792G 5.2




Ablation studies

(a) Per-pixel vs. mask classification.

| mloU PQ™

PerPixelBaseline+ | 41.9 28.3
MaskFormer-fixed | 43.7 (+1.8)  30.3 (+2.0)

Number of queries.

ADE20K COCO-Stuff | ADE20K-Full

# of queries mloU PQ® | mloU PQ% | mloU PQ™
PerPixelBaseline+ | 41.9 28.3 34.2 24.6 13.9 9.0
20 429 326 | 350 276 | 14.1 108

50 439 327 | 355 279 | 154 11.1

100 445 334 | 371 289 | 160 11.9

150 442 334 | 37.0 289 | 155 115

300 435 323 | 36.1  29.1 142 103

1000 354 267 | 344 276 8.0 5.8




Max-Deeplab
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