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Figure 2. LACSS model. (a) Model architecture showing all three components of the model: backbone,
location proposal network(LPN) and segmentation FCN. (b) Schematic diagram of LACSS model training

under full-supervision. (¢) Schematic diagram of LACSS model training under semi-supervision.
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Figure 3. Segmentation of cell image library dataset with a LACSS model trained with incomplete
annotations. (a) A representative example of segmentation results showing the input image (left), the
ground-truth segmentation (middle) and model prediction (right). The pseudo colors were generated via
skimage’s label2rgb function for visual clarity and carried no extra meaning. (b) Model performances

quantified by average precisions and false negative rates at various 10U thresholds.
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Figure 4. LACSS model accuracy trained with LIVECell dataset. Models were trained either under

full-supervision using the original single-cell annotation (supervised, solid blue line), under

semi-supervision using synthetic annotation but without auxnet (semi, dash line), or under

semi-supervision with boundary-defining auxnet (semi-auxnet, dotted line). AP values were computed for

eight cell lines at increasing IOU thresholds from 50% to 95%. The results showed significant

improvements in model accuracy by introducing auxnet in the training for models trained with

semi-supervision.
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Figure 5. Segmentation examples for LIVECell dataset using LACSS models trained with the
semi-supervision configuration. Examples for all eight cell lines were shown. The input phase contrast
images (left) were overlaid with model predictions drawn as yellow contours. The ground truth
segmentations were shown on the right, for which the model predictions were also shown as white

contours for comparison.
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Figure 6. LACSS model trained with incomplete annotations. (a) Examples of training data and
accompanying annotations generated semi-programmably. (b) Examples of model inferences showing
input fluorescence image (left), the model prediction as yellow contours (middle), and comparison of
model prediction with manual segmentation of the same input image (right). The bottom example

represented a more challenging case with atypical image contrasts.
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Models MaskRCNN (fully-supervised) CenerMask (fully-supervised) LACSS (semi-supervised)
AP50 APTS mAP AP50 APTS mAP AP50 APTS mAP
A172 73.77 36.47 38.02 72.12 30.16 34.57 68.03 27.34 32.08
BT474 75.79 44.03 43.00 77.61 42.54 42.60 69.05 34.09 35.34
Bv2 84.84 60.37 52.60 84.88 45.21 45.69 86.47 57.05 50.87
Huh7 80.19 58.46 51.83 78.26 49.92 45.85 70.61 45.05 41.20
MCF7 74.27 36.37 37.94 76.19 32.98 37.30 72.19 25.50 32.60
SHSY5Y 60.96 16.05 24.92 61.06 13.87 23.91 47.20 6.27 16.79
SKOvV3 86.55 61.14 54.12 86.01 53.07 49.39 82.55 49.66 46.60
SkBr3 90.48 79.67 65.39 90.25 80.54 65.85 93.09 80.01 63.99

Table 1. Comparison of LACSS model and the baselines. All baseline models were trained with the
complete annotation, whereas LACSS models were trained using the incomplete annotation. Bold font

indicated cases where the LACSS model performed better than the baselines.
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I0U% 50 55 60 65 70 75 80 85 90 95 mAP/AFNR
AP 0.8385 0.7981 0.7254 0.6267 0.4883 0.2813 0.0843  0.007 0 0 0.38496
FNR 0.1373 0.1665 0.2192 0.2878 0.3903 0.5532 0.7629 0.9325 0.9965 1 0.54462

Table 2. Benchmarking LACSS models trained with lab-generated image data and annotations. The
training dataset includes 500 immunofluorescence images of A431 cells at high density. All annotations

were derived from experimental data semi-programmably. See text for more details.
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