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In-distribution (Near) Out-ot-distribution  * Re€al-world medical image
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PNET _SPT__CN « MaxQuery for out-of-distribution

B ks (OOD) localization

a Inlier Segmentation * Query distribution loss
* Validated on real-world pancreatic
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Real-world Medical Image Segmentation
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* Long-tailed medical conditions
* Near-OOD Problem

e Qutliers: unseen/rare tumors
* |Inliers: labeled lesions
 Subtle Differences

« Address both inlier segmentation
& OOD localization

[1] Roy et al., Does your dermatology classifier know what it doesn’t know? detecting the long-tail of unseen conditions, Medical Image

Analysis 75 (2022): 102274.
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Framework Overview
[ Transformer Decoder ]
Object queries Transformer Cluster centers (C) Cluster classification Segmentation outputs Ground truth

N x C decoder N xC N XK K x HWD K x HWD
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Merge
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: v Quer = (1,1,K —2)
Pixel Pixel P PT® L S M| Merge M Distribution ¢ «
decod )
encoder ecoader Loss Lyq
(le Nz; NS) | | =
Pixel features  Query response  Cluster assignment Merged cluster Merged ground truth

(a) (S) softmax HWD x C N x HWD N x HWD assignment 3 x HWD 3 X HWD
[ CNN Backbone ] [ Two-stage Cluster Analysis ] [ Query-distribution Loss ]

[2] Cheng et al., Per-pixel classification is not all you need for semantic segmentation, NeurlPS 2021.
[3] Yu et al., Cmt-deeplab: Clustering mask transformers for panoptic segmentation, CVPR 2022.
[4] Yu et al., k- means Mask Transformer., ECCV 2022. 4
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Managing Cluster with QD Loss CVPRAZEEE

¢ ManIDU|ate ObJeCt querIeS tO 32 Cluster Assignments New 32 Cluster Assignments
focus on tumors o Peorgnd Background

« Enforce query-level boundaries o B
* Benefits both two tasks

: (Ny, N, N3) Tumor

Merge M Negative | & Merge =

M J Log-likelihood <—| |« ®_G = (16,4,12)

Loss Oo4-o 12X

(N1, N2, N3) 1,1,K-2)

Cluster assignment Merged cluster Merged ground truth  Ground truth
NxHWD assignment 3xHWD 3XHWD KxXHWD

Query Distribution (QD) Loss
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7 i * Motivation: cluster analysis
; Vol oed » OOD pixels far from inlier centers
| -——=% A "x /) . .
Loy LI % » MaxQuery: the negative of maximal
L B guery response

/ [  Reflects the distance/similarity of a
© © O Cluster center (query) \ 4 ! pixel and its aSSigned center
Inlier pixel ) 4 ,’I . -y .
Outlier pixel ...~ e Intuitively, MaxQuery of inlier pixels

< - » MaxQuery for inlier
<+—» MaxQuery for outlier

IS usually smaller than outliers
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An illustrative Example

« Background &
organ: activated
confidently by
one/few queries

e Inlier tumor:
concentrate at a
single query

* Outlier tumor: split
iInto multiple centers
with lower response

Cluster assignments for an OOD example



Main Results
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« Two curated real-world tumor segmentation datasets, pancreatic & liver
« State-of-the-art OOD detection performance at both pixel & case level

Pancreatic % Liver %

Methods OOD Localization OO0Dcuse OOD Localization 00D caze

AUROCtT AUPRtT FPRos | AUC?t AUROCtT AUPR?T FPRos | AUC?H
MC Dropout [27] 49.08 11.47 84.60 72.91 39.61 16.05 91.13 34.05
MSP [21] 53.81 13.44 86.44 73.38 75.14 2527 70.04 66.76
MaxLogit [20] 58.46 21.93 83.68 73.42 78.60 35.47 48.73 65.68
SynthCP [57] 69.86 26.50 66.65 68.43 74.93 34.03 57.91 63.34
SML [26] 56.10 30.44 77.81 62.26 86.64 44.59 31.04 63.85
Ours (W/o L44) 63.54 25.25 67.09 74.87 74.95 42.31 53.52 65.91
Ours 82.52 55.60 46.19 77.97 88.75 48.80 23.93 69.04
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Image Ground Truth MSP MaxLogit




Results & Ablation Studies
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« Outperforms strong baseline (e.g., nnUNet) for inlier segmentation

Pancreatic % Liver %
Methods PDAC IPMN PNET SCN CP SPT MCN | Avg. | HCC ICC Meta. Heman. Cyst | Avg.
UNet [7] 6396 21.07 21.72 30.70 17.88 3396 18.10 | 29.62 | 61.59 28.76 43.77 65.01 37.39 | 47.30
UNet++ [12] 6343 2285 1452 25.09 15.02 21.36 10.07 | 24.62 | 56.51 29.13 36.88 56.74 46.60 | 45.17
TransUNet [1] | 6491 31.18 26.78 38.96 22.39 29.87 30.27 | 3491 | 52.26 25.50 4231 7090 47.52 | 47.70
nnUNet [5] 65.65 27.60 3259 3646 2333 31.73 3096 | 3547 | 57.22 28.16 5281 77.55 4649 | 5245
Ours 6791 4692 32.07 4251 3136 4267 2897 |41.77 | 67.61 30.78 6040 77.07 47.61 | 56.69

* Robust to query distribution selection

Query Dist.

(N1, Na, Na) AUROCtT AUPRT FPR| | DSCiutier T
SML [26] 56.10 3044 77.81 3547
(8, 4, 20) 84.44 5132 42.10 36.50
(8,20,4) 83.73 49.76  43.32 39.79
(16,4,12) 82.52 55.60 46.90 41.77
(20, 4, 8) 85.66 55.17 37.24 38.19
(24,4, 4) 86.41 52.58 33.70 3943

* Query-level vs.

category-level score

Level Softmax | AUROCT AUPRT FPR95]

CHERGH post 58.14 16.28 79.29
pre 52.70 24.59 88.40

Qe post 76.88 33.98 55.82
pre 82.52 55.60 46.19
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Conclusion

* Processing a large collection of medical imaging data with long-
tailed distribution is challenging.

» Two curated real-world datasets
* Interpreting segmentation as query/cluster assignment
* Novel MaxQuery & QD loss are evidently helpful.

» Great potential to further boost the adoption of medical image
segmentation in designing various clinical applications
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