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Background

* Mainstream methods like Mask R-CNN follow the design of
detection-then-segmentation

* A lot of duplicate proposals that introduce redundant computations

* Single-stage fully convolutional methods

* Make dense predictions that still rely on manually-designed post-
processing steps like NMS

* Query-based methods

 Powerful, end-to-end, and NMS-free

* The efficiency Is general unsatisfactory —— the real-time benchmarks
are still dominated by classical fully convolutional methods



Proposed Method: Fastinst

* Very simple and effective method

* Close the gap between the real-time fully convolutional methods
and query-based methods

* Show the great potential of query-based methods In efficient
INstance segmentation algorithm design



Proposed Method: Fastinst
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Key techniques

* [nstance activation guided queries
* Dual path Transformer decoder

* Ground truth mask guided learning



Instance activation guided gueries

Initial queries play a crucial role In query-based architecture

* learnable queries are image-independent and require many
Transformer decoder layers to refine

SO,

* straightforwardly pick the queries with high semantics from
underlying multi-scale feature maps



Instance activation guided gueries

Specifically,

* predict the class probabillities for each
pixel first

* then dynamically pick the pixel
embeddings with high class
probabilities

* to avoid redundant query selection,
we adopt a local maximum first
selection strategy

* during training, we employ Hungarian
matching with an instance location
cost to assign the learning target




Dual-path Transformer decoder

Co-optimizes the pixel and query features,

* reduce the dependence on heavy pixel
decoders

* acquire more fine-grained feature
embeddings

The whole process is like an EM algorithm:

* E step: update pixel features according
to the centers (l.e., queries)

* M step: update the centers
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Ground truth mask guided learning

Masked attention
* restricts the receptive field of each query

* may cause the decoder to fall into a
suboptimal query update process

So,

* allow each query to see the whole region
of Its target during training

* that Is, use GT mask instead of predicted
masks to forward Transformer decoder
again, and supervise the new outputs
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Experiments

* Ablation study

Instance activate guided queries Dual path Transformer decoder Ground truth mask guided learning
DileAPS sl ABSS ABN b Ay, [ HTOEs (EES D | AP™' AP APy AP | FLOPs FPS
e [‘l‘)]l 5 i ;2 1‘3’2 332 Zij ;g:g’ Zgg single pixel feat. update | 6 | 325 139 363 505 | 854G 355 backbone | AP'! APs APy AP, |FLOPs FPS
earnable i . . . v X . n
resize [33] 1 349 137 379 562 | 584G 497 single query updafe [9] 6 369 150 39.6 598 | 633G 350 w/o GT mask gu.ldance R50 37.;1 152 406 59.6 | 75.5G 35.5
IA-guided 1 35.6 143 38.8 56.6 59.6G 48.8 dual query-then-plxel 3 37.8 16.0 406 60.0 75.5G 355 w/ GT mask gllldance R50 37. 16.0 40.7 60.1 | 75.5G 35.5
ol 3 372 154 403 586 | 743G 361 dual pixel-then-query 3] 379 160 407 601 | 755G 355 w/o GT mask guidance | R50-d-DCN | 39.7 175 43.1 619| - 325
learnable [9] 3 37.5 150 406 59.0 743G 36.1 w/ GT mask guidance | RS0-d-DCN | 40.1 17.7 43.2 624 - 32.5
resize [33] 3 37.6 156 U404 1509 | T8GT 360 Table 3. Dual-path update strategy. Our dual pixel-then-query
I -guidd ST e Ui, AN L el i P update strategy consistently outperforms single-path update strate- Table 4. GT mask-guided learning. Our GT mask-guided learn-
gies. We double the Transformer decoder layers (i.e., D) for the ing improves the performance across different backbones.

Table 2. IA-guided queries. Our IA-guided queries perform bet-
ter than other methods, especially when the Transformer decoder
layer number (i.e., D) is small.

single-path update strategies for a fair comparison.



Experiments

* Comparison with SOTA
method backbone epochs size FPS AP APsg APys APgs APm APy,
MEInst [47] R50 36 512 26.4 322 539 33.0 13.9 344 48.7
CenterMask [24] R50 48 600 32.6 329 - - 12.9 34.7 48.7
SOLOvV2 [43] R50 36 448 41.3 34.0 54.0 36.1 10.3 36.3 54.4
OrienMask [15] D53 100 544 51.0 34.8 56.7 36.4 16.0 38.2 47.8
Sparselnst [11] R50 144 608 51.2 34.7 553 36.6 14.3 36.2 50.7
YOLACT [1] R50 54 550 53.5 28.2 46.6 29.2 9.2 29.3 44.8
FastInst-D1 (ours) R50 50 576 53.8 35.6 56.7 37.2 8.8 53.0 72.8
CondInst [38] R50 36 800 20.0 37.8 59.1 40.5 21.0 40.3 48.7
Mask2Former’ R50 50 640 25.3 38.0 60.3 39.8 10.8 54.9 74.3
FastInst-D3 (ours) R50 50 640 35.5 38.6 60.2 40.6 10.8 56.2 75.2
YOLACT [1] R101 54 700 335 31.2 50.6 32.8 12.1 333 47.1
FastInst-D1 (ours) R101 50 640 353 38.3 60.2 40.5 10.7 55.8 74.8
SOLOV2 [43] R101 36 800 15.7 39.7 60.7 42.9 17.3 429 57.4
CondInst [38] R101 36 800 16.4 39.1 60.9 42.0 21.5 41.7 50.9
Mask2Former’ R101 50 640 21.1 39.5 61.7 41.6 11.2 56.3 75.8
FastInst-D3 (ours) R101 50 640 28.0 39.9 61.5 42.3 114 57.1 76.6
SOLOV2 [43] R50-DCN 36 512 32.0 37.1 577 39.7 12.9 40.0 574
YOLACT++ [2] R50-DCN 54 550 394 34.1 53.3 36.2 11.7 36.1 53.6
Sparselnst [11] R50-d-DCN 144 608 46.5 37.9 59.2 40.2 15.7 394 56.9
FastInst-D1 (ours) R50-d-DCN 50 576 47.8 38.0 59.7 39.9 10.0 54.9 74.5
FastInst-D3 (ours) R50-d-DCN 50 640 325 40.5 62.6 42.9 11.9 57.9 76.7




Experiments

* Unified segmentation

Cityscapes val

backbone AP PQ Sy #Param. (M)
Mask2Former’ R50 7 TR s Ty P | 40.9
FastInst-D3 R50 35.5 56.4 74.7 34.2



Visualization
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Over segmentation

Duplicate predictions



Conclusion

In summary, we present Fastinst,
* a simple query-based model for real-time instance segmentation

* achieves excellent performance on instance segmentation task
while maintaining a fast inference speed

All codes and pretrained models are available at
* Github: https://github.com/junjiehe96/Fastinst

* Modelscope: https://modelscope.cn/models/damo/cv_resnet50_fast-
INStance-segmentation_coco/summary



