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OVERVIEW METHOD: Mid-Interaction Adaptation E EXPERIMENTS

The model is updated after each prompt (click): Obtain prediction from updated ' Segmentation in Eye Fundus Imaging Segmentation of Cancer in Brain MRI
@ Give a localization click O oce (with already given clicks) |  Pretrain on Test on/Adapt to Pretrain on Test on/Adapt to

I . REFUGE2 G1020 BRATS FLAIR Other modalities/pathologies
|
Inference / 48 . N .prEd'Ct'O" ofg - ::>

e 9 Updatgmodel GP8 “ (% 10 clicks per image
Dice Focal Loss Reported: Dice (Disc/Cup)@1,5,10

eGive new corrective click, + €CG Loss on new click e Repeat step 2 G Repeat step 3 G1020

1 click to fix error in prediction. i No. (] 1 2 10

. Models often fail on new data distributions.

“ Users can correct errors through interactive segmentation.
€ Instead of freezing the model, it can learn from corrections.
~~ Online adaptation can sequentially improve the model.

BACKGROUND: Data Distribution Shift

Training Data (Source Domain) Inference Data (Target Domain)
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BACKGROUND: Interactive Segmentation

Med-SA 72.2/56.1 75.3/58.6 75.6/58.6
IA+SA  90.5/77.8 94.3/84.5 96.1/90. 3]
. TSCA  89.9/77.6 94.2/85.0 96.1/90.7

per iteration (ICNN* 89.4/77.4 93.1/83.1 95.1/88.0]
I I
. corrected

®: Foreground click e: Backround click . [ PI 93.5/81.9 95.9/88.5 97.0/92.2
After user finishes 0  PI+MI_ 93.6/82.2 96.4/90.0 97.5/92. 7]
correctmg an image prediction Baselines — No adaptation
UNET Gbe : Gbs | . . .
. (% 4 Baselines — With adaptation ~ OAIMS ﬁ’
% ) J s Our method

Refine errors with my

Segment the lesion g Image 1 click 5 clicks 10 clicks
an 1 i
where | clicked background clicks | METHOD Post-Interaction Adaptation Click Cenired Gaussian Loss | Do errors accumulate from initial bad predictions,
:The model is updated after all corrections are done for one image: CCGL: Click Contred G —— : because they are used as pseudo-labels in our method?
: . . . . g : : : Click Centred Gaussian Loss : :
o | Interactions finish when user is satisfied Stage 1: Fine-tune with P | Huge domain gap Hardest sample first
‘ Can the model parameters adapt to the new distribution? : With quality of predicted segmentation the localization (1st) click + P"ed'Ct'Oﬂl ' "No. Clicks Iclick 3clicks 10 clicks T L o
. 4. I : * .
| Final Mask Prediction Mask | (@ Foreground click , ICHI"(NoAdapt) 3.3 128 o209 OAIMS (Random Order) 67.5 86.0
BACKGROUND: Online Adaptation | 4 : " R SR ok I | OAIMS (Ours) s6 379 / 200 OAIMS (Worst first)  66.4 853
, Labe ackground click | o
Images come in sequence and appear once | | Bad 1nitial prediction 4 Errors do not significantly accumulate
i I 1 Foreground click: I
CCG izes th . : : :
i cbg Q e to e @ : Data Efficiency Average clicks required for 80% Dice score
| > Dice Focal Loss correctly at the : 0.85. n Method BRATSTI BRATS T2
. . . . surrounding ' TSCA 10.60 3.63
: Stage 2: Fine-tune with Multiple Correction clicks foreground region e - Better than ~ PI+MI (Ours)  4.43 2.33
| False I | e automatic Perf domai
g ke 8 erformance on source domain
! Positive (e _ False Background click: | 5065 after 5 .
! iy CCGL Emphasizes the I . after adapting to target
I (FP) 4’ N €ga tl Ve model to segment ! 0.55 mages No. Clicks 1 5 10
, ///‘— ( correctly at the I . R e ) ICNN* 934 956 964
! surrounding ! No.images 25 75 125 150 OAIMS (No Re-adapt) 90.5 94.8 95.7
: Gbg backsround region : Tested on separate testing split OAIMS (Re-adapt) 93.5 95.8 96.6
Refined predicted segmentation masks che Focal Loss + CCG Loss « i during the online adaptation process
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