Supplementary: Jumpstarting Surgical Computer

Vision
Implementation Details
Parameter Value Parameter Value
Method TeCNO |[3] Class Weighting Median Frequency Balancing

Stage 1 Learning Rate 3e-3
Stage 2 Learning Rate 3e-3
GPUs 4 NVidia V100s

Stage 1 Optimizer SGD with LARC [6]
Stage 2 Optimizer Adam [4]

Table 1. Various design choices and implementation hardware pertaining to all down-
stream runs for all phase recognition experiments (Cholec80, AutoLaparo).

Parameter Value Parameter Value

Method Linear Finetuning|Class Weighting Inverse Frequency Balancing
Learning Rate le-5 Optimizer AdamW [5]

GPUs 1 NVidia V100s

Table 2. Various design choices and implementation hardware pertaining to all down-
stream runs for all CVS experiments (EndoScapes-201CVS).

Parameter Value Parameter Value
Architecture ResNet-50 Queue size 65536
Method MoCo v2 [1] Decay parameter (A)  0.999

Projection Head 3 layer Multi-Layer Perceptron

Output Dimension Size 4096

GPU 4 NVidia V100s Optimizer LARC
Multi-Crop size 224x224 Number of crops 2
Batch Size 256 Epochs 300

Sampling Rate 5

Base initialization Imagenet Sup.

Table 3. SSL hyperparameters specific to the SSL pre-training implementation of the
MoCo v2 pre-training runs. Compute of ~ 42 GPU hours was required per pre-training

run.
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Name Source Parameters
Sharpness RA prob = 0.5,M = 8.0, M, = 0.5
Brightness RA prob = 0.5,M = 8.0, M, = 0.5
Contrast RA prob = 0.5, M = 8.0, M, =0.5
Color Color RA prob =0.5,M = 8.0, M, =0.5
Auto-contrast RA prob = 0.5, M =8.0, M, =0.5
Equalize RA prob = 0.5,M = 8.0, M, = 0.5
Random-erasing  torchvision prob = 0.8, scale = [0.02,0.1]
Posterize RA prob = 0.5,M = 8.0, M, = 0.5
Strong Color Solarize RA prob = 0.5, M = 8.0, M, =0.5
invertion RA prob = 0.5, M =8.0, M, =0.5
Rotate RA prob=0.5,M =8.0,M, =0.5
Translate-x RA prob = 0.5,M = 8.0, M, =0.5
Geometric Translate-y RA prob = 0.5, M = 8.0, M, =0.5
Shear-x RA prob= 0.5, M =8.0, M, =0.5
Shear-y RA prob = 0.5, M = 8.0, M, = 0.5
Horizontal-flip torchvision prob = 0.5

Multi Crop MC2: multi-crop 2 torchvision 2242224 = 2, scale = [0.5,1]

Table 4. Different augmentations used in the SSL pre-training experiments. The
Source “RA” uses the RandAugment [2] implementations that randomly selects two
augmentations from the list, applying the augmentation with a given magnitude (M),
probability (prob), and standard deviation on the magnitude (M, ). The source “torchvi-
sion” uses the torchvision implementation for Horizontal-flip, Random-erasing, and
Multi-crop augmentations.
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