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Abstract

Existing learning-based solutions to medical image seg-
mentation have two important shortcomings. First, for most
new segmentation task, a new model has to be trained or
fine-tuned. This requires extensive resources and machine-
learning expertise, and is therefore often infeasible for med-
ical researchers and clinicians. Second, most existing seg-
mentation methods produce a single deterministic segmen-
tation mask for a given image. In practice however, there
is often considerable uncertainty about what constitutes the
correct segmentation, and different expert annotators will
often segment the same image differently. We tackle both
of these problems with Tyche, a model that uses a con-
text set to generate stochastic predictions for previously un-
seen tasks without the need to retrain. Tyche differs from
other in-context segmentation methods in two important
ways. (1) We introduce a novel convolution block archi-
tecture that enables interactions among predictions. (2) We
introduce in-context test-time augmentation, a new mecha-
nism to provide prediction stochasticity. When combined
with appropriate model design and loss functions, Tyche
can predict a set of plausible diverse segmentation can-
didates for new or unseen medical images and segmenta-
tion tasks without the need to retrain. Code available at:
https://github.com/mariannerakic/tyche/.

1. Introduction

Segmentation is a core step in medical image analysis, for
both research and clinical applications. However, current
approaches to medical image segmentation fall short in two
key areas. First, segmentation typically involves training a
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Figure 1. Tyche: the first in-context stochastic segmentation
framework. Human annotators (top) can handle a wide variety
of tasks, and different annotators often produce differing segmen-
tations. Existing automated methods (middle) are typically task-
specific and provide only one segmentation per image. Tyche (bot-
tom) can capture the disagreement among annotators across many
modalities and anatomies without retraining or fine-tuning.

new model for each new modality and biomedical domain,
which quickly becomes infeasible given the resources and
expertise available in biomedical research and clinical en-
vironments. Second, models most often provide a single
solution, whereas in many cases, the target image contains
ambiguous regions, and there isn’t a single correct segmen-
tation. This ambiguity can arise from noisy or low contrast
images, variation in the task definition, or human raters’ in-
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terpretations and downstream goals [12, 55]. Failure to take
this ambiguity into account can affect downstream analysis,
diagnosis, and treatment.

Recent work tackles these issues separately. In-context
learning methods generalize to unseen medical image seg-
mentation tasks, employing an input context or prompt to
guide inference [19, 128, 129]. These methods are deter-
ministic and predict a single segmentation for a given input
image and task.

Separately, stochastic or probabilistic segmentation
methods output multiple plausible segmentations at infer-
ence, reflecting the task uncertainty [11, 67, 95]. Each such
model is trained for a specific task, and can only output
multiple plausible segmentations at inference for that task.
Training or fine-tuning a model for a new task requires tech-
nical expertise and computational resources that are often
unavailable in biomedical settings.

We present Tyche, a framework for stochastic in-context
medical image segmentation (Figure 1). Tyche includes two
variants for different settings. The first, Tyche-TS (Train-
time Stochasticity), is a system explicitly designed to pro-
duce multiple candidate segmentations. The second, Tyche-
IS (Inference-time Stochasticity), is a test time solution that
leverages a pretrained deterministic in-context model.

Tyche takes as input the image to be segmented (target),
and a context set of image-segmentation pairs that defines
the task. This enables the model to perform unseen seg-
mentation tasks upon deployment, omitting the need to train
new models. Tyche-TS learns a distribution of possible label
maps, and predicts a set of plausible stochastic segmenta-
tions. Tyche-TS encourages diverse predictions by enabling
the internal representations of the different predictions to in-
teract with each other through a novel convolutional mech-
anism, a carefully chosen loss function and noise as an ad-
ditional input. In Tyche-IS, we show that applying test time
augmentation to both the target and context set in combi-
nation with a trained in-context model leads to competitive
segmentation candidates.

We make the following contributions.
• We present the first solution for probabilistic segmenta-

tion for in-context learning. We develop two variants to
our framework: Tyche-TS that is trained to maximize the
quality of the best prediction, and Tyche-IS, that can be
used straightaway with an existing in-context model.

• For Tyche-TS, we introduce a new mechanism, SetBlock,
to encourage diverse segmentation candidates. Simpler
than existing stochastic methods, Tyche-TS predicts all
the segmentation candidates in a single forward pass.

• Through rigorous experiments and ablations on a set of
twenty unseen medical imaging tasks, we show that both
frameworks produce solutions that outperform existing
in-context and interactive segmentation benchmarks, and
can match the performance of specialized stochastic net-

works trained on specific datasets.

2. Related Work

Biomedical segmentation is a widely-studied problem, with
recent methods dominated by UNet-like architectures [6,
51, 107]. These models tackle a wide variety of tasks, such
as different anatomical regions, different structures to seg-
ment within a region, different image modalities, and dif-
ferent image settings. With most methods, a new model has
to be trained or fine-tuned for each combination of these.
Additionally, most models don’t take into account image
ambiguity, and provide a single deterministic output.

Multiple Predictions. Uncertainty estimation can help
users decide how much faith to put in a segmentation [26]
and guide downstream tasks. Uncertainty is often catego-
rized into aleatoric, uncertainty in the data, and epistemic,
uncertainty in the model [29, 61]. In this work, we fo-
cus on aleatoric uncertainty. Medical images are also het-
eroscedastic in that the degree of uncertainty varies across
the image.

Different strategies exist to capture uncertainty. One can
assign a probability to each pixel [45, 52, 62, 76], or use
contour strategies and difference loss functions to predict
the largest and smallest plausible segmentations [73, 132].
These strategies however do not capture the correlations
across pixels. To address this, some methods generate mul-
tiple plausible label maps given an image [11, 67, 68, 95,
130]. To achieve this, one can directly model pixel cor-
relations, such as through a multivariate Gaussian distri-
bution (with low rank) covariance [95], or more complex
distributions [15]. Alternatively, various frameworks com-
bine potentially hierarchical representations for UNet-like
architectures with variational auto-encoders [11, 67, 68].
More recently, diffusion models have been used for ensem-
bling [130] or to produce stochastic segmentations [105,
133]. Some methods explicitly model the different anno-
tators to capture ambiguity [48, 100, 111, 124]. But these
methods do not apply to our framework where the number
of annotators and their characteristics are unknown.

Most of the models above involve sophisticated model-
ing or lengthy runtimes, and need to be trained on each seg-
mentation task. In Tyche, we build on intuition across these
methods, but combine a more efficient mechanism with an
in-context strategy to predict segmentation candidates.

In-context Learning. Few-Shot frameworks use a small set
of examples to generalize to new tasks [31, 80, 98, 101, 113,
117, 134], sometimes by fine-tuning an existing pretrained
model [32, 99, 120, 125]. In-context learning segmentation
methods (ICL) use a small set of examples directly as input
to infer label maps for a task [9, 19, 63, 63, 129, 129]. This
enables them to generalize to new tasks. For example, Uni-
verSeg uses an enhanced UNet-based architecture to gen-
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et

B
lo

ck

<latexit sha1_base64="CMD6StA6NfSDioGIBplALCyVn9k=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVZKC2mXRjcuK9gFNKJPptB06mYSZG7GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uHdOEAuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6yhRlLVoJCLVDYhmgkvWQo6CdWPFSBgI1gkmN5nfeWRK80g+4DRmfkhGkg85JWgkz0P2ZFLp/fWs1C9XnKozh71K3JxUIEezX/7yBhFNQiaRCqJ1z3Vi9FOikFPBZiUv0SwmdEJGrGeoJCHTfjq/eWafGWVgDyNlnkR7rv5OpCTUehoGZjIkONbLXib+5/USHNb9lMs4QSbpYtEwETZGdlaAPeCKURRTQwhV3Nxq0zFRhKKpKSvBXf7yKmnXqu5l9eKuVmnU8zqKcAKncA4uXEEDbqEJLaAQwzO8wpuVWC/Wu/WxGC1YeeYY/sD6/AHUEpGF</latexit> S
B

<latexit sha1_base64="elEZAQ8QwuZGRRo0ftBJPbjkEu4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQFtcuCG5ct2ge0oUymk3boZBJmJoUQ+iduXCji1j9x5984abPQ1gMXDufcO3Pv8WPOlHacb6u0tb2zu1ferxwcHh2f2KdnXRUlktAOiXgk+z5WlDNBO5ppTvuxpDj0Oe35s/vc782pVCwSTzqNqRfiiWABI1gbaWTbjzoiU6w0I6idUJmO7KpTc5ZAm8QtSBUKtEb213AckSSkQhOOlRq4Tqy9DEvzJKeLyjBRNMZkhid0YKjAIVVettx8ga6MMkZBJE0JjZbq74kMh0qloW86Q6ynat3Lxf+8QaKDhpcxESeaCrL6KEg40hHKY0BjJinRPDUEE8ny800MEhNtwqqYENz1kzdJt15zb2s37Xq12SjiKMMFXMI1uHAHTXiAFnSAwBye4RXerMx6sd6tj1VrySpmzuEPrM8fi3KTlA==</latexit>

Stochastic Query

<latexit sha1_base64="JQwkz9lq8bwOHDH47ZqhdV9MoSs=">AAAB8nicbZDLSsNAFIYnXmu9VV26GSyCq5IU1C4LblxWsBdIQ5lMTtqhk5kwMxFK6GO4caGIW5/GnW/jpM1CW38Y+PjPOcw5f5hypo3rfjsbm1vbO7uVver+weHRce3ktKdlpih0qeRSDUKigTMBXcMMh0GqgCQhh344vSvq/SdQmknxaGYpBAkZCxYzSoy1/I6CiNEC9ahWdxvuQngdvBLqqFRnVPsaRpJmCQhDOdHa99zUBDlRhlEO8+ow05ASOiVj8C0KkoAO8sXKc3xpnQjHUtknDF64vydykmg9S0LbmRAz0au1wvyv5mcmbgU5E2lmQNDlR3HGsZG4uB9HTAE1fGaBUMXsrphOiCLU2JSqNgRv9eR16DUb3k3j+qFZb7fKOCroHF2gK+ShW9RG96iDuogiiZ7RK3pzjPPivDsfy9YNp5w5Q3/kfP4Aj4ORag==</latexit>

Predictions
<latexit sha1_base64="9Q2NhN/+7YECddHixucaGoimtNc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKjxwDXjxGMA9JljA7mSRDZnaXmV5hWfIVXjwo4tXP8ebfOEn2oIkFDUVVN91dQSyFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZaJEM95kkYx0J6CGSxHyJgqUvBNrTlUgeTuY3M789hPXRkThA6Yx9xUdhWIoGEUrPfbGFLN02hf9csWtunOQVeLlpAI5Gv3yV28QsUTxEJmkxnQ9N0Y/oxoFk3xa6iWGx5RN6Ih3LQ2p4sbP5gdPyZlVBmQYaVshkrn6eyKjyphUBbZTURybZW8m/ud1ExzW/EyEcYI8ZItFw0QSjMjsezIQmjOUqSWUaWFvJWxMNWVoMyrZELzll1dJ66LqXVev7i8r9VoeRxFO4BTOwYMbqMMdNKAJDBQ8wyu8Odp5cd6dj0VrwclnjuEPnM8fMZKQpg==</latexit>

ŷi
<latexit sha1_base64="L9NhL5lMMusJjU7sKR5P+/CfFg4=">AAAB73icbVBNSwMxEM3Wr1q/qh69BIvgqewW1B4LvXisYD+gXUo2zbah2WRNZsWy9E948aCIV/+ON/+N2XYP2vpg4PHeDDPzglhwA6777RQ2Nre2d4q7pb39g8Oj8vFJx6hEU9amSijdC4hhgkvWBg6C9WLNSBQI1g2mzczvPjJtuJL3MIuZH5Gx5CGnBKzUayoJ7AlKw3LFrboL4HXi5aSCcrSG5a/BSNEkYhKoIMb0PTcGPyUaOBVsXhokhsWETsmY9S2VJGLGTxf3zvGFVUY4VNqWBLxQf0+kJDJmFgW2MyIwMateJv7n9RMI637KZZwAk3S5KEwEBoWz5/GIa0ZBzCwhVHN7K6YTogkFG1EWgrf68jrp1KredfXqrlZp1PM4iugMnaNL5KEb1EC3qIXaiCKBntErenMenBfn3flYthacfOYU/YHz+QOv3I+3</latexit>

Context
<latexit sha1_base64="AAF4M3PDSAk9uInNPLp0KqPKTSA=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARXEhJRGo3QsGNy4r2AW0aJtNJO+3kwcxEDCFu/BU3LhRx61+482+ctFlo64HLPZxzLzP3OCGjQhrGt1ZYWl5ZXSuulzY2t7Z39N29lggijkkTByzgHQcJwqhPmpJKRjohJ8hzGGk7k6vMb98TLmjg38k4JJaHhj51KUZSSbZ+0Ese7HFfnsI4a73UTsaXZtq/tfWyUTGmgIvEzEkZ5GjY+ldvEODII77EDAnRNY1QWgnikmJG0lIvEiREeIKGpKuojzwirGR6QQqPlTKAbsBV+RJO1d8bCfKEiD1HTXpIjsS8l4n/ed1IujUroX4YSeLj2UNuxKAMYBYHHFBOsGSxIghzqv4K8QhxhKUKraRCMOdPXiSts4pZrVRvzsv1Wh5HERyCI3ACTHAB6uAaNEATYPAInsEreNOetBftXfuYjRa0fGcf/IH2+QMPOJaf</latexit>
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Figure 2. Tyche Model Schematic. The target xt, context set
(xt

j , y
t
j)

S

j=1
, and noise images {zk}Kk=1 are inputs to the network.

The architecture employs UNet-like levels, but uses SetBlocks that
enable interactions between the context set and the target segmen-
tation candidates.

<latexit sha1_base64="GLyQzYyIGF7ucsblQhQ1V6b1LO8=">AAAB7HicbVBNawIxEJ21X9Z+2fbYS6gUepJdodaj4KVHC10VdJFszGowmyxJVpDF39BLDy2l1/6g3vpvGnUPrfbBwOO9GWbmhQln2rjut1PY2d3bPygelo6OT07PyucXHS1TRahPJJeqF2JNORPUN8xw2ksUxXHIaTectpZ+d0aVZlI8mXlCgxiPBYsYwcZKfkuKWW1YrrhVdwW0TbycVCBHe1j+GowkSWMqDOFY677nJibIsDKMcLooDVJNE0ymeEz7lgocUx1kq2MX6MYqIxRJZUsYtFJ/T2Q41noeh7YzxmaiN72l+J/XT03UCDImktRQQdaLopQjI9HyczRiihLD55Zgopi9FZEJVpgYm0/JhuBtvrxNOrWqV6/ePdYqzUYeRxGu4BpuwYN7aMIDtMEHAgye4RXeHOG8OO/Ox7q14OQzl/AHzucPeouOcg==</latexit>

Conv2
<latexit sha1_base64="7OjvFmPUn72AhTWciO7nf+jcv/E=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiexiVI4kXDxi4gIJbEi3dKGh227aLgnZ8Bu8eNAYr/4gb/4bC+xBwZdM8vLeTGbmhQln2rjut1PY2t7Z3Svulw4Oj45PyqdnbS1TRahPJJeqG2JNORPUN8xw2k0UxXHIaSecNBd+Z0qVZlI8mVlCgxiPBIsYwcZKflOK6c2gXHGr7hJok3g5qUCO1qD81R9KksZUGMKx1j3PTUyQYWUY4XRe6qeaJphM8Ij2LBU4pjrIlsfO0ZVVhiiSypYwaKn+nshwrPUsDm1njM1Yr3sL8T+vl5qoHmRMJKmhgqwWRSlHRqLF52jIFCWGzyzBRDF7KyJjrDAxNp+SDcFbf3mTtGtV7656+1irNOp5HEW4gEu4Bg/uoQEP0AIfCDB4hld4c4Tz4rw7H6vWgpPPnMMfOJ8/fA+Ocw==</latexit>

Conv3
<latexit sha1_base64="7OjvFmPUn72AhTWciO7nf+jcv/E=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiexiVI4kXDxi4gIJbEi3dKGh227aLgnZ8Bu8eNAYr/4gb/4bC+xBwZdM8vLeTGbmhQln2rjut1PY2t7Z3Svulw4Oj45PyqdnbS1TRahPJJeqG2JNORPUN8xw2k0UxXHIaSecNBd+Z0qVZlI8mVlCgxiPBIsYwcZKflOK6c2gXHGr7hJok3g5qUCO1qD81R9KksZUGMKx1j3PTUyQYWUY4XRe6qeaJphM8Ij2LBU4pjrIlsfO0ZVVhiiSypYwaKn+nshwrPUsDm1njM1Yr3sL8T+vl5qoHmRMJKmhgqwWRSlHRqLF52jIFCWGzyzBRDF7KyJjrDAxNp+SDcFbf3mTtGtV7656+1irNOp5HEW4gEu4Bg/uoQEP0AIfCDB4hld4c4Tz4rw7H6vWgpPPnMMfOJ8/fA+Ocw==</latexit>
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<latexit sha1_base64="0p2fm+r0JiNPMNzZfYv++L4txzI=">AAAB7nicbVDLSgMxFL1TX7W+qi7dBIvgqswU1C4LbnRXwT6gHUomTdvQTGZI7ghl6Ee4caGIW7/HnX9jpp2Fth4IHM65l9xzglgKg6777RQ2Nre2d4q7pb39g8Oj8vFJ20SJZrzFIhnpbkANl0LxFgqUvBtrTsNA8k4wvc38zhPXRkTqEWcx90M6VmIkGEUrde5VnKApDcoVt+ouQNaJl5MK5GgOyl/9YcSSkCtkkhrT89wY/ZRqFEzyeamfGB5TNqVj3rNU0ZAbP12cOycXVhmSUaTtU0gW6u+NlIbGzMLAToYUJ2bVy8T/vF6Co7qfiiwTV2z50SiRBCOSZSdDoTlDObOEMi3srYRNqKYMbUNZCd5q5HXSrlW96+rVQ63SqOd1FOEMzuESPLiBBtxBE1rAYArP8ApvTuy8OO/Ox3K04OQ7p/AHzucP87OPSw==</latexit>

Inputs

<latexit sha1_base64="p6rc9KJlfDddPc8UDbrepmffnC4=">AAAB83icbVBNS8NAEJ3Ur1q/oh69LBbBU0kKao+FXjxWsB/QhrLZbtqlm92wuxFK6N/w4kERr/4Zb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn7ulZV8tUEdohkkvVD7GmnAnaMcxw2k8UxXHIaS+ctXK/90SVZlI8mnlCgxhPBIsYwcZKw5YUllFhqzJyq17NWwJtEr8gVSjQHrlfw7EkaUyFIRxrPfC9xAQZVoYRTheVYappgskMT+jAUoFjqoNsefMCXVlljCKpbAmDlurviQzHWs/j0HbG2Ez1upeL/3mD1ESNIGMiSe1fZLUoSjkyEuUBoDFTlBg+twQTxeytiEyxwsTYmPIQ/PWXN0m3XvNvazcP9WqzUcRRhgu4hGvw4Q6acA9t6ACBBJ7hFd6c1Hlx3p2PVWvJKWbO4Q+czx+YkpFf</latexit>

Concatenate

<latexit sha1_base64="bJzZt1Y7XXpA/5xreEYpBV63evc=">AAAB73icbVDLSgMxFL3js9ZX1aWbYBFclZmC2mXBjTsr2Ae0Q8mkmTY0kxmTO0Ip/Qk3LhRx6++482/MtLPQ1gOBwzn3kntOkEhh0HW/nbX1jc2t7cJOcXdv/+CwdHTcMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2MbzK//cS1EbF6wEnC/YgOlQgFo2ilzl2KSYqm2C+V3Yo7B1klXk7KkKPRL331BjFLI66QSWpM13MT9KdUo2CSz4q91PCEsjEd8q6likbc+NP5vTNybpUBCWNtn0IyV39vTGlkzCQK7GREcWSWvUz8z+umGNb8qVA2E1ds8VGYSoIxycKTgdCcoZxYQpkW9lbCRlRThrairARvOfIqaVUr3lXl8r5artfyOgpwCmdwAR5cQx1uoQFNYCDhGV7hzXl0Xpx352MxuubkOyfwB87nD9+Fj9Y=</latexit>

Outputs

<latexit sha1_base64="7OjvFmPUn72AhTWciO7nf+jcv/E=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiexiVI4kXDxi4gIJbEi3dKGh227aLgnZ8Bu8eNAYr/4gb/4bC+xBwZdM8vLeTGbmhQln2rjut1PY2t7Z3Svulw4Oj45PyqdnbS1TRahPJJeqG2JNORPUN8xw2k0UxXHIaSecNBd+Z0qVZlI8mVlCgxiPBIsYwcZKflOK6c2gXHGr7hJok3g5qUCO1qD81R9KksZUGMKx1j3PTUyQYWUY4XRe6qeaJphM8Ij2LBU4pjrIlsfO0ZVVhiiSypYwaKn+nshwrPUsDm1njM1Yr3sL8T+vl5qoHmRMJKmhgqwWRSlHRqLF52jIFCWGzyzBRDF7KyJjrDAxNp+SDcFbf3mTtGtV7656+1irNOp5HEW4gEu4Bg/uoQEP0AIfCDB4hld4c4Tz4rw7H6vWgpPPnMMfOJ8/fA+Ocw==</latexit>

Conv3

<latexit sha1_base64="Aq/nRLZURt8PnmEsTh2ZDOCYYkE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0kKao8FL16ECvYD2lA222m7dLMJuxuhhP4FLx4U8eof8ua/cdPmoK0PBh7vzTAzL4gF18Z1v53CxubW9k5xt7S3f3B4VD4+aesoUQxbLBKR6gZUo+ASW4Ybgd1YIQ0DgZ1gepv5nSdUmkfy0cxi9EM6lnzEGTWZdI9UDsoVt+ouQNaJl5MK5GgOyl/9YcSSEKVhgmrd89zY+ClVhjOB81I/0RhTNqVj7FkqaYjaTxe3zsmFVYZkFClb0pCF+nsipaHWszCwnSE1E73qZeJ/Xi8xo7qfchknBiVbLholgpiIZI+TIVfIjJhZQpni9lbCJlRRZmw8JRuCt/ryOmnXqt519eqhVmnU8ziKcAbncAke3EAD7qAJLWAwgWd4hTcndF6cd+dj2Vpw8plT+APn8wfoXY4h</latexit>

Mean

<latexit sha1_base64="VPgN1r6icP9hoLTIHusUzYnEi6M=">AAAB7HicbVBNawIxEJ21X9Z+2fbYS6gUepJdodaj4KVHC10VdJFszGowmyxJVpDF39BLDy2l1/6g3vpvGnUPrfbBwOO9GWbmhQln2rjut1PY2d3bPygelo6OT07PyucXHS1TRahPJJeqF2JNORPUN8xw2ksUxXHIaTectpZ+d0aVZlI8mXlCgxiPBYsYwcZKfkuKmTcsV9yquwLaJl5OKpCjPSx/DUaSpDEVhnCsdd9zExNkWBlGOF2UBqmmCSZTPKZ9SwWOqQ6y1bELdGOVEYqksiUMWqm/JzIcaz2PQ9sZYzPRm95S/M/rpyZqBBkTSWqoIOtFUcqRkWj5ORoxRYnhc0swUczeisgEK0yMzadkQ/A2X94mnVrVq1fvHmuVZiOPowhXcA234ME9NOEB2uADAQbP8ApvjnBenHfnY91acPKZS/gD5/MHeQeOcQ==</latexit>

Conv1
<latexit sha1_base64="VPgN1r6icP9hoLTIHusUzYnEi6M=">AAAB7HicbVBNawIxEJ21X9Z+2fbYS6gUepJdodaj4KVHC10VdJFszGowmyxJVpDF39BLDy2l1/6g3vpvGnUPrfbBwOO9GWbmhQln2rjut1PY2d3bPygelo6OT07PyucXHS1TRahPJJeqF2JNORPUN8xw2ksUxXHIaTectpZ+d0aVZlI8mXlCgxiPBYsYwcZKfkuKmTcsV9yquwLaJl5OKpCjPSx/DUaSpDEVhnCsdd9zExNkWBlGOF2UBqmmCSZTPKZ9SwWOqQ6y1bELdGOVEYqksiUMWqm/JzIcaz2PQ9sZYzPRm95S/M/rpyZqBBkTSWqoIOtFUcqRkWj5ORoxRYnhc0swUczeisgEK0yMzadkQ/A2X94mnVrVq1fvHmuVZiOPowhXcA234ME9NOEB2uADAQbP8ApvjnBenHfnY91acPKZS/gD5/MHeQeOcQ==</latexit>

Conv1
<latexit sha1_base64="VPgN1r6icP9hoLTIHusUzYnEi6M=">AAAB7HicbVBNawIxEJ21X9Z+2fbYS6gUepJdodaj4KVHC10VdJFszGowmyxJVpDF39BLDy2l1/6g3vpvGnUPrfbBwOO9GWbmhQln2rjut1PY2d3bPygelo6OT07PyucXHS1TRahPJJeqF2JNORPUN8xw2ksUxXHIaTectpZ+d0aVZlI8mXlCgxiPBYsYwcZKfkuKmTcsV9yquwLaJl5OKpCjPSx/DUaSpDEVhnCsdd9zExNkWBlGOF2UBqmmCSZTPKZ9SwWOqQ6y1bELdGOVEYqksiUMWqm/JzIcaz2PQ9sZYzPRm95S/M/rpyZqBBkTSWqoIOtFUcqRkWj5ORoxRYnhc0swUczeisgEK0yMzadkQ/A2X94mnVrVq1fvHmuVZiOPowhXcA234ME9NOEB2uADAQbP8ApvjnBenHfnY91acPKZS/gD5/MHeQeOcQ==</latexit>

Conv1

Figure 3. CrossBlock Mechanism The CrossBlock involves inter-
actions between a single feature and a set of features and outputs
new feature for the target and new features for each.

eralize to medical image segmentation tasks unseen during
training [19]. We build on these ideas to enable segmenta-
tion of new tasks without the need to re-train, but expand
this paradigm to model stochastic segmentations.

Test Time Augmentation. The test-time augmentation
(TTA) strategy uses perturbations of a test input and ensem-
bles the resulting predictions. Existing TTA frameworks
model accuracy [33, 64, 116, 119], robustness [25], and es-
timates of uncertainty [5, 90]. Test-time augmentation has
been applied to diverse anatomies and modalities including
brain MRI and retinal fundus [3, 5, 49, 53, 97, 127]. Prior
work has formalized the variance of a model’s predictions
over a set of input transformations as capturing aleatoric un-
certainty [5, 126, 127].

Tyche’s use of TTA is distinct from prior work. Instead of
ensembling segmentations over perturbations of a test input
or pixel-wise estimates of uncertainty, Tyche extends TTA
to the in-context setting and uses the individual TTA pre-
dictions to model uncertainty.

<latexit sha1_base64="xXy+JMXc5Au1nZwe2XZ0PETs9yU="></latexit>

Context
V = {vj}S

<latexit sha1_base64="EUSYWBJg2nUHiOHTlf6IBo1tdIU=">AAAB63icbVBNS8NAEJ34WetX1aOXYBE8laSg9ljw4rGC/YA2lM120i7d3YTdjVBC/4IXD4p49Q9589+4aXPQ1gcDj/dmmJkXJpxp43nfzsbm1vbObmmvvH9weHRcOTnt6DhVFNs05rHqhUQjZxLbhhmOvUQhESHHbji9y/3uEyrNYvloZgkGgowlixglJpcEEjmsVL2at4C7TvyCVKFAa1j5GoximgqUhnKidd/3EhNkRBlGOc7Lg1RjQuiUjLFvqSQCdZAtbp27l1YZuVGsbEnjLtTfExkRWs9EaDsFMRO96uXif14/NVEjyJhMUoOSLhdFKXdN7OaPuyOmkBo+s4RQxeytLp0QRaix8ZRtCP7qy+ukU6/5N7Xrh3q12SjiKME5XMAV+HALTbiHFrSBwgSe4RXeHOG8OO/Ox7J1wylmzuAPnM8fGUyOQQ==</latexit>mean

<latexit sha1_base64="zM5kNNOka3JND0Fdr+W8YNrSZlk=">AAAB6XicbVDLSgMxFL3xWeur6tJNsIiuyoz46LLgxmUV+4B2KJk004YmmSHJCGXoH7hxoYhb/8idf2PazkJbD1w4nHMv994TJoIb63nfaGV1bX1js7BV3N7Z3dsvHRw2TZxqyho0FrFuh8QwwRVrWG4FayeaERkK1gpHt1O/9cS04bF6tOOEBZIMFI84JdZJD/KsVyp7FW8GvEz8nJQhR71X+ur2Y5pKpiwVxJiO7yU2yIi2nAo2KXZTwxJCR2TAOo4qIpkJstmlE3zqlD6OYu1KWTxTf09kRBozlqHrlMQOzaI3Ff/zOqmNqkHGVZJapuh8UZQKbGM8fRv3uWbUirEjhGrubsV0SDSh1oVTdCH4iy8vk+ZFxb+uXN1flmvVPI4CHMMJnIMPN1CDO6hDAyhE8Ayv8IZG6AW9o4956wrKZ47gD9DnDzZHjSI=</latexit>

m0

<latexit sha1_base64="gfesotizyoJXYqe7+fx1nrBOJAg=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ6Kon40WPBi8cqpi20oWy2m3bpZhN2J0Ip/QdePCji1X/kzX/jts1BWx8MPN6bYWZemEph0HW/nZXVtfWNzcJWcXtnd2+/dHDYMEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lb4bD26nffOLaiEQ94ijlQUz7SkSCUbTSg3/WLZXdijsDWSZeTsqQo94tfXV6CctirpBJakzbc1MMxlSjYJJPip3M8JSyIe3ztqWKxtwE49mlE3JqlR6JEm1LIZmpvyfGNDZmFIe2M6Y4MIveVPzPa2cYVYOxUGmGXLH5oiiTBBMyfZv0hOYM5cgSyrSwtxI2oJoytOEUbQje4svLpHFR8a4rV/eX5Vo1j6MAx3AC5+DBDdTgDurgA4MInuEV3pyh8+K8Ox/z1hUnnzmCP3A+fwARz40K</latexit>
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Figure 4. SetBlock Mechanism. SetBlock enables interactions be-
tween the set of features from the context set and the set of features
from the prediction candidates. It outputs two sets of features, one
for the context and one for the prediction candidates.

3. Method
For segmentation task t, let {(xt

j , y
t
j)}Nj=1 be a dataset with

images xt and label maps yt. Typical segmentation mod-
els learn a different function ŷt = gθt(xt) with parameters
θt for each task t, where ŷt is a single segmentation map
prediction.

We design Tyche as an in-context learning (ICL) model
using a single function for all tasks:

ŷtk = fθ(x
t, zk,St). (1)

This function, with global parameters θ, captures a distri-
bution of label maps {ŷtk}Kk=1, given target xt, context set
St = {xt

j , y
t
j}Sj=1 defining task t, and noise zk ∼ N (0, I).

We use this modelling strategy in two ways: we either
explicitly train a network to approximate the model fθ(·)
in Tyche-TS, or design a test-time strategy to approximate
fθ(·) using an existing (pretrained) deterministic in-context
network in Tyche-IS.

3.1. Tyche-TS

In Tyche-TS, we explicitly train a neural network for fθ(·)
that can make different predictions given the same image
input xt but different noise channels zk. We model interac-
tion between predictions, and employ a loss that encourages
diverse solutions (Figure 2).

3.1.1 Neural Network

We use a convolutional architecture focused on interacting
representations of sets of flexible sizes using a modified ver-
sion of the usual UNet structure [107].

Inputs. Tyche-TS takes as input the target xt, a set of K
Gaussian noise channels zk, and a context set, St.

Layers. Each level of the UNet takes as input a set of K
candidate representations and S context representations. We
design each level to encourage communication between the
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intermediate elements of the sets, and between the two fea-
tures of the segmentation candidates. The size K is flexible
and can vary with iterations.

SetBlock. We introduce a new operation called SetBlock,
which interacts the candidate representations U = {ui}Ki=1,
with the context representations V = {vi}Si=1, illustrated in
Figure 4. We use the CrossBlock [19] as a building block
for this new layer. The CrossBlock(u, V ) → (u′, V ′) com-
pares an image representation u to a context set representa-
tion V through convolutional and averaging operations, and
outputs a new image representation u′ and a new set repre-
sentation V ′ (Figure 3). SetBlock(U, V ) → (U ′, V ′) builds
on CrossBlock and performs a set to set interaction of the
entries of U and V :

ū = 1/m
∑m

i=1ui (2)
ū′, V ′ = CrossBlock(ū, V ) (3)

u′
i = Convm (ui||ū′) , i = 1, . . . ,K (4)

u′
i = Convu (u

′
i) , i = 1, . . . , K (5)

v′i = Convv (vi) , i = 1, . . . , S, (6)

where || is the concatenation operation along the feature di-
mension. The CrossBlock interacts the context representa-
tion with the mean candidate. The Convm step communi-
cates this result to all candidate representation. Convu and
Convv then update all representations. All convolution op-
erations include a non-linear activation function.

3.1.2 Best candidate Loss

Typical loss function compute the loss of a single predic-
tion relative to a single target, but Tyche-TS produces mul-
tiple predictions and has one or more corresponding label
maps.We optimize

L(θ; T ) = Et∈T
[
E(xt,yt

r),St

[
Lseg

(
{ŷk}, yt

r

)]]
, (7)

with
Lseg({ŷk}, y) = min

k
LDice (yk, y) , (8)

where ytr is a segmentation from rater r, and LDice is a
weighted sum of soft Dice loss [94] and categorical crossen-
tropy. By only back-propagating through the best prediction
among K candidates, the network is encouraged to produce
diverse solutions [22, 41, 66, 81].

3.1.3 Training Data

We employ a large dataset of single- and multi-rater seg-
mentations across diverse biomedical domains. We then use
data augmentation [19], as described in B.3.

We add synthetic multi-annotator data by modelling an
image as the average of four blobs representing four raters
(Figure 10). Each blob is white disk bi deformed by a ran-
dom smoothed deformation field ϕi. The synthetic image is

a noisy weighted sum of raters:
∑4

i=1 wi(bi ◦ ϕi) where ◦
represents the spacial warp operation.

3.1.4 Implementation Details

We use a UNet-like architecture of 4 SetBlock layers for
the encoder and decoder, with 64 features each and Leaky
ReLU as activation function. We use the Adam optimizer
and a learning rate of 0.0001. At training, we have a fixed
number of candidates per sample Ktr = 8. At inference, we
consider different numbers of candidates.

3.2. Tyche-IS

In Tyche-IS, we first train (or use an existing trained) deter-
ministic in-context segmentation system:

ŷt = hθ(x
t,St).

We then introduce a test-time in-context augmentation strat-
egy to provide stochastic predictions:

ŷtk = fθ(x
t, zk,St) (9)

= hθ(aug(x
t, zk,St)), (10)

where x̃t, S̃t = aug(xt, zk,St) is an augmentation func-
tion.

3.2.1 Augmentation Strategy

Test time augmentation for single task networks y = gt(x)
applies different transforms to an input image x:

x̃k = aϕ(x, zk), (11)

where ϕ are augmentation parameters and zk is a random
vector. A final prediction is then obtained by combining
several predictions of augmented images. Most commonly,
the combining function averages the predictions:

y =
1

k

∑
k

gt(x̃k), (12)

where the sum operates pixel-wise.
We introduce in-context test-time augmentation

(ICTTA) prediction as another mechanism to generate
diverse stochastic predictions.

We apply augmentation to both the test target xt and the
context set St:

(x̃i
t, yti) = (aϕ(x

t
i), y

t) (13)

S̃t = {aϕ
(
xt
j

)
, ytj}Sj=1. (14)

We repeat this process Ki times to obtain Ki stochastic
predictions:

ŷk = fθ(x̃i
t, zk, S̃t) (15)
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We only apply intensity based transforms, to avoid the need
to invert the segmentations back. We apply Gaussian noise,
blurring and pixel intensity inversion. We detail the specific
augmentations in B.2.

4. Experimental Setup

4.1. Data

We evaluate our method using a large collection of biomed-
ical and synthetic datasets. Most datasets include a single
manual segmentation for each example, while a few have
several raters per image.

Data Splits. We partition each dataset into development,
validation, and test splits. We assign each dataset to an in-
distribution set (I.D.) or an out-of-distribution set (O.D.).
We train exclusively on the development splits of the I.D.
datasets, and use the validation splits of the I.D. datasets to
tune parameters. We use the validation splits of the O.D.
datasets for final model selection. We report results on the
test splits of the O.D. datasets.

For each use case, we sample the context from each
dataset’s corresponding development set. As a result, the
network doesn’t see any of the O.D. datasets at training
time.

We distinguish between single annotator data and multi-
annotator data.

Single-Annotator Data. For single annotator data, we
build on MegaMedical used in recent publications [19, 131]
and employ a collection of 73 datasets, of different public
biomedical domains and different modalities [1, 2, 7, 14,
16, 17, 19, 21, 24, 34–36, 39, 40, 42, 43, 50, 54, 56, 57,
59, 69, 71, 72, 74, 75, 77–79, 82–89, 91, 96, 103, 104, 106,
110, 112, 115, 118, 121, 122, 135, 137–139]. MegaMed-
ical spans a variety of anatomies and modalities, includ-
ing brain MRI, cardiac ultrasound, thoracic CT and den-
tal X-ray. We also use synthetic data involving simulated
shapes, intensities, and image artifacts [19, 44]. The single-
annotator datasets used for out-of-domain (O.D.) testing
are: PanDental [1], WBC [139], SCD [104], ACDC [14],
and SpineWeb [138].

Multi-Annotator Data. For multi-annotator I.D. data, we
use four datasets from Qubiq [92]: Brain Growth, Brain
Lesions, Pancreas Lesions, and Kidney. We also simulate a
multi-rater dataset consisting of random shapes (blobs). For
the O.D. multi-annotator data we use four datasets. One
contains hippocampus segmentation maps on brain MRIs
from a large hospital. We crop the volumes around the
hippocampus [67] to focus on the areas where the raters
disagree. The second is a publicly available lung nodule
dataset, LIDC-IDRI [4]. This dataset is notable for the
substantial inter-rater variability. It contains 1018 thoracic
CT scans, each annotated by 4 annotators from a pool of

In-Context Stochastic Automatic
SENet ✓ ✓
UniverSeg ✓ ✓
SegGPT ✓ ✓
Prob. UNet ✓ ✓
PhiSeg ✓ ✓
CIMD ✓ ✓
SAM-based ✓ ✓
Tyche ✓ ✓ ✓

Table 1. Summary of evaluated methods used and their prop-
erties. Only Tyche is both stochastic and in-context, and does not
require user interaction.

12 annotators. Finally, we also use retinal fundus images,
STARE [47], annotated by 2 raters, and prostate data from
the MICCAI 2021 QUBIQ challenge [92], annotated by 6
raters on two tasks. Single and multi-annotator combined,
our O.D. group contains 20 tasks unseen at training time
(some datasets have several tasks).

4.2. Evaluation

We evaluate our method by analysing individual prediction
quality and distribution of predictions, both qualitatively
and quantitatively. We also examine model choices through
an ablation study.

A main use case of stochastic segmentation is to pro-
pose a small set of segmentations to a human rater, who
can select the most appropriate one for their purpose. For
this scenario, a model can be viewed as good if at least one
prediction matches what the rater is looking for. We thus
employ the best candidate Dice metric.

In the multi-annotator setting, we evaluate using both
best candidate Dice score, also called maximum Dice score,
as well as Generalized Energy Distance (GED)[13, 109,
123]. GED is commonly used in the stochastic segmen-
tation literature to asses the difference between the dis-
tribution of predictions and the distribution of annota-
tions [11, 67, 95, 105, 133]. GED has limitations, such as
rewarding excessive prediction diversity [105]. Let Y and
Ŷ be the set of annotations, GED is defined as:

D2
GED(Y, Ŷ) = 2E [d(p, p̂)]−E

[
d(p, p′)

]
−E

[
d(p̂, p̂′)

]
, (16)

where p, p′ ∼ Y , p̂, p̂′ ∼ Ŷ and d(·, ·) is a distance metric.
We use the Dice score [30].

4.3. Benchmarks

Tyche is the first method to produce stochastic segmentation
predictions in-context. Consequently, we compare Tyche to
existing benchmarks, each of which achieves only a subset
of our goals.

In-Context Methods. We compare to deterministic frame-
works that can leverage a context set: a few-shot method,
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Tyche Predictions

Figure 5. Visualization of predictions for three different samples, 1 per row. Left: LIDC-IDRI. Right: Hippocampus dataset. The
leftmost columns are raters’ annotations. The 4 last columns are model predictions. Tyche provides a set of prediction that is diverse and
matches the raters, for tasks unseen at training time.
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Figure 6. Single annotator visualization for different models. We show three example images that show very different corresponding
segmentation. Tyche can output plausible segmentation for single annotator data with varying degrees of variability in the segmentation.
Methods with an asterisk are upper baselines.

SENet [108], and two in-context learning (ICL) methods,
UniverSeg [19] and SegGPT [129]. We train UniverSeg and
SENet with the same data split strategies and the same sets
of augmentation transforms as for Tyche. For SegGPT, we
use the public model, trained on a mix of natural and med-
ical images. Figure 13 in the Supplemental Material shows
that UniverSeg trained with additional data outperforms its
public version.

Stochastic Upper Bounds. We compare to task-specialized
probabilistic segmentation methods that are trained-on and
perform well on specific datasets. We independently train
Probabilistic UNet [67], PhiSeg[11] and CIDM, a recent
diffusion network [105], on each of the 20 held-out tasks.
For each task, we train three model variants: no augmenta-
tion, weak augmentation, and as much augmentation as for
the Tyche targets. For each benchmark variant, we train on a
O.D. development split and select the model that performs
best on the corresponding O.D. validation split. We then

compare these benchmarks to Tyche on the held-out O.D.
test splits.

These models are explicitly optimized for the datasets on
which they are evaluated, unlike Tyche, which does not use
those datasets for training. Since these are trained, tuned
and evaluated on the O.D. datasets splits, something we ex-
plicitly aim to avoid in the problem set up as it is not easily
done in many medical settings, they serve as upper bounds
on performance.

Interactive Segmentation Methods. We compare to two
interactive methods: SAM [66] and SAM-Med2D [23].
These methods can provide multiple segmentations, but,
unlike Tyche, require human interaction, which is outside
our scope. SAM also has a functionality to segment all
elements in an image, however less optimized for medical
imaging. We assume that the SAM-based models have ac-
cess to the same information as the ICL methods: several
image-segmentation pairs as context to guide the segmen-
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tation task. We fine-tune SAM using our I.D. development
datasets. To replace the human interaction, we provide a
bounding box, the average context label map, and 10 clicks,
5 positive and 5 negative as input. With SAM-Med2D,
we use a bounding box, and several positive and negative
clicks as input. For both SAM and SAM-Med2D, we gener-
ate clicks and bounding box from the average context label
map.

We use one iteration of interaction, and sample differ-
ent plausible segmentation candidates by sampling different
sets of clicks and different averaged context sets.

Table 1 summarizes the features of all the methods. Ad-
ditional information on the benchmarks is provided in the
Supplemental Material.

4.4. Experiments

We evaluate all models on the multi-annotator and single-
annotator O.D. data. We then analyze the Tyche variants in-
dividually and perform an ablation study on each to validate
parameter choices. Finally, we compare the GPU inference
runtimes and model parameters.

In the Supplemental Material, we analyze further the
noise given as input, the context set, the number of predic-
tions, the SetBlock and the candidate loss. We also provide
additional performance metrics and per dataset results. We
also compare the performance of Tyche and PhiSeg in a few-
shot setting. Finally, we provide additional visualizations.

Inference Setting. We use a fixed context of 16 image-
segmentation pairs, because existing in-context learning
systems show minimal improvements beyond this size [19].
Because there is variability in performance depending on
the context sampled, we sample 5 different context sets for
each datapoint and average performance. Similarly, for the
stochastic upper bounds and interactive methods, we do 5
rounds of sampling Ki samples.

5. Results
5.1. Comparison to Benchmarks

Multi-Annotator O.D. Data. We evaluate on the datasets
where multiple annotations exist for each sample. Figure
5 shows that, for both the lung nodules and the hippocam-
pus datasets, Tyche predictions are diverse and capture rater
diversity, even though these datasets are out-of-domain. Ta-
bles 2 and 3 show that both versions of Tyche outperform
the interactive and deterministic benchmarks on all datasets
except for Prostate Task 1, on which SegGPT has similar
performance. Using a paired Student t-test, we find that
Tyche-TS outperforms Tyche-IS in terms of maximum Dice
score, with p < 10−10. We find no statistical difference
between the two methods in terms of GED.

Single-Annotator Data. Figure 6 shows examples of pre-

SAM-Med2D FT SAM SENet SegGPT UvS Tyche-IS Tyche-TS
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Figure 7. Best candidate Dice Score for single annotator data
aggregated per task. Tyche outperforms the in-context and in-
teractive segmentation benchmarks, and approaches the stochastic
upper bounds. Error bars represent the 95% confidence interval.
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Figure 8. Best candidate Dice Score as the number of candi-
date prediction increases. The largest improvements are usually
obtained for a small number of predictions. The error bars repre-
sent the 95% confidence interval.

dictions for Tyche and the corresponding benchmarks for
the single-annotator datasets. Tyche produces a more di-
verse set of candidates than its competitors. Figure 7 com-
pares all plausible models in terms of aggregate best candi-
date Dice score, except for CIDM, which underperformed
for single-annotator data with a mean best candidate Dice
score of: 0.673±0.032. For clarity, we only present the full
Figure in the Supplemental Material. Tyche performs better
than the deterministic and interactive frameworks, and sim-
ilarly to Probabilistic UNet, one of the upper bound bench-
marks that is trained on the O.D. data. A paired Student t-
test shows that Tyche-IS produces statistically higher GED
(p = 0.044) than Tyche-TS, but we find no statistical differ-
ence in terms of best candidate Dice. We hypothesize that
Tyche-IS is competitive because of the implicit annotator
characterization provided by the context.

5.2. Tyche Analysis

We analyze Tyche variants and study the influence of two
important parameters: the number of inference-time candi-
date predictions Ki and the size of the context set ∥S∥.

Influence of the number of prediction Ki. We study how
the number of predictions impacts the best candidate Dice
score, keeping the context size constant. Figure 8 shows
that for Tyche-TS, the best candidate Dice score rises with
the number of predictions, but with diminishing returns.
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GED2 (↓) Hippocampus LIDC-IDRI Prostate Task 1 Prostate Task 2 STARE
SAM 0.57± 0.02 0.90± 0.01 0.20± 0.03 0.31± 0.06 0.89± 0.06Interactive SAM-Med2d 0.93± 0.02 1.01± 0.01 0.80± 0.09 0.78± 0.11 1.52± 0.05
Tyche-IS 0.21± 0.01 0.41± 0.01 0.12± 0.02 0.20± 0.05 0.73± 0.03I-C & Stochastic

(Ours) Tyche-TS 0.22± 0.01 0.40± 0.01 0.09± 0.02 0.15± 0.03 0.62± 0.03

PhiSeg 0.14± 0.01 0.33± 0.01 0.12± 0.01 0.17± 0.05 1.22± 0.02
ProbaUNet 0.13± 0.01 0.51± 0.01 0.08± 0.01 0.18± 0.05 0.76± 0.06

Stochastic
Upper Bound

CIDM 0.17± 0.01 0.42± 0.01 0.14± 0.02 0.26± 0.04 0.87± 0.05

Table 2. Generalized Energy Distance for different models with a context size of 16 for in-context methods and a number of predictions
set to 8. Lower is better. Tyche outperforms interactive and in-context baselines, and matches stochastic upper bounds.

Max Dice (↑) Hippocampus LIDC-IDRI Prostate Task 1 Prostate Task 2 STARE
UniverSeg 0.84± 0.01 0.67± 0.01 0.91± 0.01 0.88± 0.03 0.51± 0.02
SegGPT 0.10± 0.01 0.68± 0.01 0.94± 0.01 0.89± 0.03 0.02± 0.01In-Context
SENet 0.68± 0.01 0.00± 0.00 0.83± 0.02 0.83± 0.02 0.30± 0.03
SAM 0.71± 0.01 0.55± 0.01 0.90± 0.01 0.85± 0.03 0.50± 0.03Interactive SAM-Med2d 0.52± 0.01 0.42± 0.01 0.62± 0.04 0.64± 0.06 0.21± 0.03
Tyche-IS 0.87± 0.01 0.90± 0.00 0.94± 0.01 0.91± 0.01 0.52± 0.03I-C & Stochastic

(Ours) Tyche-TS 0.88± 0.01 0.91± 0.00 0.95± 0.01 0.93± 0.01 0.60± 0.02

PhiSeg 0.88± 0.00 0.91± 0.00 0.93± 0.01 0.91± 0.02 0.15± 0.01
ProbaUNet 0.91± 0.00 0.86± 0.01 0.95± 0.00 0.91± 0.03 0.59± 0.02

Stochastic
Upper Bound

CIMD 0.84± 0.01 0.92± 0.00 0.93± 0.01 0.87± 0.02 0.41± 0.04

Table 3. Best candidate Dice score for different models with a context size of 16 for in-context methods and a number of predictions set
to 8. Higher is better. Tyche outperforms interactive and in-context baselines, and matches stochastic upper bounds.
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Figure 9. Best candidate Dice Score per dataset as context size
increases. A context size of 16 is already large enough to obtain a
reasonable best candidate Dice. The error bars represent the 95%
confidence interval.

Influence of context size ∥S∥. Figure 9 shows that Tyche-
TS is capable of leveraging the increased context size to im-
prove its best candidate Dice score, and that a context size
of 16 is sufficient to achieve most of the gain.

Ablation. Table 4 illustrates several ablations on Tyche
design choices. For Tyche-TS, we evaluate the following
variants: no simulated multi-annotator images, no SetBlock
and finally, using the standard deviation of candidate fea-
ture representations in addition to the mean in the SetBlock
(“Std”). We compare the models using best candidate Dice

Blob SetBlock Std Max. DSC(↑) GED2(↓)
✗ 0.810± 0.01 0.349± 0.04

✗ 0.771± 0.02 0.425± 0.05
✓ 0.802± 0.01 0.425± 0.05

✓ ✓ 0.811± 0.01 0.298± 0.03

Target CS CS+ Max. DSC(↑) GED2 (↓)
✓ 0.776± 0.02 0.477± 0.04

✓ 0.700± 0.02 0.410± 0.05
✓ 0.561± 0.02 0.867± 0.05

✓ ✓ 0.813± 0.01 0.333± 0.04
✓ ✓ ✓ 0.808± 0.01 0.358± 0.04

Table 4. Ablation Study for Tyche variants. Top: Tyche-TS,
without simulated multi-annotator data, with SetBlock, with Stan-
dard Deviation in SetBlock. Bottom: Tyche TeS, with Target, Con-
text and Large Context augmentations.

averaged across tasks.
Table 4 shows that the simulated multi-annotator data

provides negligible improvement, as does adding the stan-
dard deviation. However, SetBlock is a crucial part to im-
prove the best candidate Dice score.

We study performances for three types of TTA in Tyche-
IS: on the target, on the context (CS), and on the con-
text while also including the non-augmented context (CS+):
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Inference Time (ms) Parameters
UniverSeg 96.62± 0.61 1.2M
SegGPT 2857.19± 4.38 370M
SENet 14.91± 0.21 0.89M
FT-SAM 1036.75± 4.61 94M
SAM-Med2D 188.8± 7.58 91M
PhiSeg 11.35± 0.672 21.1M
ProbaUNet 8.44± 0.46 5M
CIDM 1.7× 105 ± 2748 85.6M
Tyche-IS 128.57± 2.626 1.2M
Tyche-TS 18.09± 0.61 1.7M

Table 5. Inference Runtime and Model Parameters for 8 pre-
dictions and a context size of 16.

(S,G(S)). Table 4 shows that adding noise to only one
of the target and context yields sub-optimal performance,
while augmenting both the target and context improves per-
formances.

5.3. Inference Runtime

We compare the inference runtime by predicting 8 segmen-
tation candidates with each method, and repeat the process
300 times. We use an NVIDIA V100 GPU. Table 5 shows
that Tyche is significantly faster and smaller than SegGPT
and CIDM, yet, not as fast as some task-specific stochastic
models. Tyche-IS has fewer parameters than Tyche-TS, but
needs additional inference time.

6. Conclusion
We introduced Tyche, the first framework for stochastic in-
context segmentation. For any (new) segmentation task, Ty-
che can directly produce diverse segmentation candidates,
from which practitioners can select the most suitable one,
and draw a better understanding of the underlying uncer-
tainty. Tyche can generalize to images from data unseen at
training and outperforms in-context and interactive bench-
marks. In addition, Tyche often matches stochastic mod-
els on tasks for which those models have been specifically
trained. Tyche has two variants, one designed to optimize
the best segmentation candidate, with fast inference time,
and a test-time augmentation variant that can be used in
combination with existing in-context learning methods. We
are excited to further study the different types of uncertainty
captured by Tyche-TS and Tyche-IS. We will also extend the
capabilities of Tyche with more complex support sets, in-
cluding variable annotators and multiple image modalities.
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Tyche: Stochastic In-Context Learning for
Medical Image Segmentation

Supplementary Material

A. Overview

We first present a brief overview of the analysis and infor-
mation in this Supplemental Material.

Tyche Model Choices.
We present additional data details, including for

MegaMedical, multi-annotator data, and simulated data.
We give additional details on the Tyche-TS training strategy,
as well as the augmentations used at inference for Tyche-IS.
We also detail how we trained each benchmark, and their
respective limitations.

We provide an intuition behind the best candidate Dice
loss, and show that with Tyche, it is possible to optimize for
objectives that apply to the candidate predictions as a group,
and show results when optimizing GED.

Tyche Analysis.
For Tyche-TS, we investigate four aspects: noise, context

set, number of predictions, and SetBlock. We show how
different noise levels impact the predictions. Moreover, we
give examples of how prediction changes when the context
or the noise changes. We also show that the number of pre-
dictions at inference impacts the diversity of the segmenta-
tion candidates predicted.

For Tyche-IS, we investigate how different augmenta-
tions affect performance.

We also analyze a scenario where only few of annotated
examples are available, using the LIDC-IDRI dataset. We
compare Tyche with these samples in the context to PhiSeg,
trained on these few annotated samples.

Further Evaluation.
Given the nature of stochastic segmentation tasks, no sin-

gle metric fits all purposes, and the optimal metric depends
on the downstream goals. We provide sample diversity and
Hungarian Matching, showing that Tyche performs well on
these as well.

We also present performance per dataset and show that
the relative performance of each model stays generally un-
changed, even though the difficulty of each dataset is widely
different.

We provide additional visualizations on how Tyche and
the baselines perform for each datasets, both on single and
multi-annotator data.

Data split. All analysis results in this supplemental material
use the validation set of the out-of-distribution datasets, to
avoid making modeling decisions on the test sets.
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Rater 4

Figure 10. Synthetic Multi-Annotated Examples. Each blob
is generated by deforming a white disk using a random smooth
deformation field, each representing a different rater. The blobs
are then averaged to form the target image to segment.

B. Tyche Model Choices

We present the implementation details for the data, our Ty-
che models, and the benchmarks.

B.1. Medical Image Data

Megamedical. We build on the dataset collection proposed
in [19, 131], using the similar preprocessing methods. The
complete list of datasets is presented Table 10.

Processing. Each image is normalized between 0 and 1
and is resized to 128 × 128. When the full 3D volume is
available, we take two slices for each task: the slice in the
middle of the volume and the slice with the largest count of
pixels labelled for that task.

Task Definition. We consider a task as labelling a certain
structure from a certain modality for a certain dataset. If
a given medical image has different structures labeled, we
consider each structure a different task. For 3D volumes,
we consider each axis a different task.

Synthetic Data. We use a set of synthetic tasks to enhance
the performance of our networks, similar to [19]. Some ex-
amples are shown in Figure 11.

Synthetic Multi-Annotator Data. We use synthetic data
to encourage diversity in our predictions. Figure 10 shows
examples of blob targets with the corresponding simulated
annotations.
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Figure 11. Synthetic Data Examples. Example of training im-
ages on the single annotator synthetic data. Each row is an exam-
ple of a target-context pair corresponding to a different task.

B.2. Training of Tyche-TS

We train Tyche-TS with a context size of 16 and a batch size
of 4. We use a learning rate of 0.0001, Adam as an opti-
mizer, and a kernel size of 3. We apply the augmentations
shown Table 6. To obtain K segmentation candidates, we
generate K noise samples zk ∼ N (0, I). We duplicate the
input K times and concatenate each noise sample with a du-
plicated target to form K stochastic inputs to the network.

B.3. Network for Tyche-IS

For the Tyche-IS network, we use the baseline Uni-
verSeg [19], trained with the same data as Tyche-TS, same
batch size, and same context size. At test time, we use the
augmentations in Table 7. Figure 12 shows example aug-
mentation on different samples.

B.4. Benchmarks

We distinguish three types of benchmarks: in-context meth-
ods, that can take as input a context set, the interactive
frameworks, and the task-trained specialized upper bounds.

In-context baselines. Because they were trained on med-
ical data, we use SegGPT and SAM-Med2D as provided
in their official release. We train from scratch UniverSeg
and SENet. We use a batch size of 4 and the same set of
data augmentation transforms as the ones used for Tyche-TS
to encourage within task and across task diversity. Train-

Augmentations p Parameters
degrees ∈ [−25, 25]
translate∈ [0, 0.1]Random Affine 0.25
scale∈ [0.9, 1.1]

brightness∈ [−0.1, 0.1],Brightness Contrast 0.5 contrast∈ [0.5, 1.5]
α ∈ [1, 2.5]Elastic Transform 0.8
σ ∈ [7, 9]

Sharpness 0.25 sharpness= 5
Flip Intensities 0.5 None

σ ∈ [0.1, 1.0]Gaussian Blur 0.25 k=5
µ ∈ [0, 0.05]Gaussian Noise 0.25
σ ∈ [0, 0.05]

(a) In-Task Augmentation

Augmentations p Parameters
degrees ∈ [0, 360]
translate∈ [0, 0.2]Random Affine 0.5
scale∈ [0.8, 1.1]

brightness∈ [−0.1, 0.1],Brightness Contrast 0.5 contrast∈ [0.8, 1.2]
σ ∈ [0.1, 1.1]Gaussian Blur 0.5

k = 5
µ ∈ [0, 0.05]Gaussian Noise 0.5
σ ∈ [0, 0.05]
α ∈ [1, 2]Elastic Transform 0.5
σ ∈ [6, 8]

Sharpness 0.5 sharpness= 5
Horizontal Flip 0.5 None
Vertical Flip 0.5 None
Sobel Edges Label 0.5 None

(b) Task Augmentation

Table 6. Set of augmentations used to train Tyche-TS. We dis-
tinguish between augmentations aimed at increasing the diversity
inside a task (Top) and the augmentations aimed at increasing the
diversity of tasks (Bottom). An augmentation is applied with prob-
ability p (second column).

ing UniverSeg on the same datasets as Tyche improves per-
formances compared to the official UniverSeg release, as
shown in Figure 13.

Specialized benchmarks. For the specialized models
(CIDM, PhiSeg, and Probabilistic UNet), we train a model
for each task, for a total of 20 tasks. For each task, we train
three model variants, one for each different data augmen-
tation scheme, shown Table 8. We select the model with
the data augmentation strategy that does best on the out-of-
distribution validation set. We use a batch size of 4. For
CIDM and Probabilistic UNet, we use the official PyTorch
release. We found Probabilistic UNet particularly unstable
to train on some datasets when applying augmentations. To

2



<latexit sha1_base64="JPbtN1+wo+2xbz2Df44P0pxcjNg=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkXoqiQFH8uKG5cV7APaUCaTm3boZBJnJoVS+h1uXCji1o9x5984abPQ1gMXDufcO3Pv8RPOlHacb6uwsbm1vVPcLe3tHxwelY9P2ipOJcUWjXksuz5RyJnAlmaaYzeRSCKfY8cf32V+Z4JSsVg86mmCXkSGgoWMEm0k7zYdRig0BiWDQbni1JwF7HXi5qQCOZqD8lc/iGmavUA5UarnOon2ZkRqRjnOS/1UYULomAyxZ6ggESpvtlh6bl8YJbDDWJoS2l6ovydmJFJqGvmmMyJ6pFa9TPzP66U6vPFmTCSpRkGXH4Upt3VsZwnYAZNINZ8aQqhkZlebjogkVJucshDc1ZPXSbtec69qlw/1SqOax1GEMziHKrhwDQ24hya0gMITPMMrvFkT68V6tz6WrQUrnzmFP7A+fwC1YZCs</latexit>

A
u
gm

en
te

d

<latexit sha1_base64="ZoHMI+BXicXbZJNbhTn2qlKonTw=">AAAB9HicbVBNT8JAEN3iF9Yv1KOXjcSEE2lJ/DiScPGIUT4SaMh2GWDDdlt3p0RC+B1ePGiMV3+MN/+NLfSg4EsmeXlvJjPz/EgKg47zbeU2Nre2d/K79t7+weFR4fikacJYc2jwUIa67TMDUihooEAJ7UgDC3wJLX9cS/3WBLQRoXrAaQRewIZKDARnmEheLVQIT0jvAW27Vyg6ZWcBuk7cjBRJhnqv8NXthzwOQCGXzJiO60TozZhGwSXM7W5sIGJ8zIbQSahiARhvtjh6Ti8SpU8HoU5KIV2ovydmLDBmGvhJZ8BwZFa9VPzP68Q4uPFmQkUxguLLRYNYUgxpmgDtCw0c5TQhjGuR3Er5iGnGMckpDcFdfXmdNCtl96p8eVcpVktZHHlyRs5JibjkmlTJLamTBuHkkTyTV/JmTawX6936WLbmrGzmlPyB9fkDfOWRLw==</latexit>

Context Set
<latexit sha1_base64="Y8WZyenM9o2WxQiwdyRq7EeN5sc=">AAAB73icbVBNS8NAEJ34WeNX1aOXxSL0VJKCH8eCF48V+gVtKJvtpF262cTdjVBC/4QXD4p49e9489+YtDlo64OBx3szzMzzY8G1cZxva2Nza3tnt7Rn7x8cHh2XT047OkoUwzaLRKR6PtUouMS24UZgL1ZIQ19g15/e5X73CZXmkWyZWYxeSMeSB5xRk0m9FlVjNLY9LFecmrMAWSduQSpQoDksfw1GEUtClIYJqnXfdWLjpVQZzgTO7UGiMaZsSsfYz6ikIWovXdw7J5eZMiJBpLKShizU3xMpDbWehX7WGVIz0ateLv7n9RMT3Hopl3FiULLloiARxEQkf56MuEJmxCwjlCme3UrYhCrKTBZRHoK7+vI66dRr7nXt6qFeaVSLOEpwDhdQBRduoAH30IQ2MBDwDK/wZj1aL9a79bFs3bCKmTP4A+vzB/q+jzM=</latexit>

Target

<latexit sha1_base64="KG06CUnyRc2HCV/7B7WN9Zo13oY=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvQjWWm4GNZaAULLqrYB7RDyaRpG5pkhiQjlqHgr7hxoYhbv8Odf2OmnYW2HrhwOOde7r3HDxlV2nG+raXlldW19cxGdnNre2fX3ttvqCCSmNRxwALZ8pEijApS11Qz0golQdxnpOmPyonffCBS0UDc63FIPI4GgvYpRtpIXfvwplopn1Yrd1V49Yh4yEjWoGvnnIIzBVwkbkpyIEWta391egGOOBEaM6RU23VC7cVIaooZmWQ7kSIhwiM0IG1DBeJEefH0/Ak8MUoP9gNpSmg4VX9PxIgrNea+6eRID9W8l4j/ee1I9y+9mIow0kTg2aJ+xKAOYJIF7FFJsGZjQxCW1NwK8RBJhLVJLAnBnX95kTSKBfe8cHZbzJXyaRwZcASOQR644AKUwDWogTrAIAbP4BW8WU/Wi/Vufcxal6x05gD8gfX5AyD+kvA=</latexit>

LIDC-IDRI Example

<latexit sha1_base64="ZoHMI+BXicXbZJNbhTn2qlKonTw=">AAAB9HicbVBNT8JAEN3iF9Yv1KOXjcSEE2lJ/DiScPGIUT4SaMh2GWDDdlt3p0RC+B1ePGiMV3+MN/+NLfSg4EsmeXlvJjPz/EgKg47zbeU2Nre2d/K79t7+weFR4fikacJYc2jwUIa67TMDUihooEAJ7UgDC3wJLX9cS/3WBLQRoXrAaQRewIZKDARnmEheLVQIT0jvAW27Vyg6ZWcBuk7cjBRJhnqv8NXthzwOQCGXzJiO60TozZhGwSXM7W5sIGJ8zIbQSahiARhvtjh6Ti8SpU8HoU5KIV2ovydmLDBmGvhJZ8BwZFa9VPzP68Q4uPFmQkUxguLLRYNYUgxpmgDtCw0c5TQhjGuR3Er5iGnGMckpDcFdfXmdNCtl96p8eVcpVktZHHlyRs5JibjkmlTJLamTBuHkkTyTV/JmTawX6936WLbmrGzmlPyB9fkDfOWRLw==</latexit>

Context Set
<latexit sha1_base64="Y8WZyenM9o2WxQiwdyRq7EeN5sc=">AAAB73icbVBNS8NAEJ34WeNX1aOXxSL0VJKCH8eCF48V+gVtKJvtpF262cTdjVBC/4QXD4p49e9489+YtDlo64OBx3szzMzzY8G1cZxva2Nza3tnt7Rn7x8cHh2XT047OkoUwzaLRKR6PtUouMS24UZgL1ZIQ19g15/e5X73CZXmkWyZWYxeSMeSB5xRk0m9FlVjNLY9LFecmrMAWSduQSpQoDksfw1GEUtClIYJqnXfdWLjpVQZzgTO7UGiMaZsSsfYz6ikIWovXdw7J5eZMiJBpLKShizU3xMpDbWehX7WGVIz0ateLv7n9RMT3Hopl3FiULLloiARxEQkf56MuEJmxCwjlCme3UrYhCrKTBZRHoK7+vI66dRr7nXt6qFeaVSLOEpwDhdQBRduoAH30IQ2MBDwDK/wZj1aL9a79bFs3bCKmTP4A+vzB/q+jzM=</latexit>

Target

<latexit sha1_base64="LOo9Kmk03UcUdfuEYn0CZTo0mw8=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIPZWk4MexWASPFWwrtKFstpN26W4SdjdiDf0lXjwo4tWf4s1/46bNQVsfDDzem2Fmnh9zprTjfFuFtfWNza3idmlnd2+/bB8cdlSUSAptGvFI3vtEAWchtDXTHO5jCUT4HLr+pJn53QeQikXhnZ7G4AkyClnAKNFGGtjl7lUTXz8SEXMoGQzsilNz5sCrxM1JBeVoDeyv/jCiiYBQU06U6rlOrL2USM0oh1mpnyiICZ2QEfQMDYkA5aXzw2f41ChDHETSVKjxXP09kRKh1FT4plMQPVbLXib+5/USHVx6KQvjRENIF4uChGMd4SwFPGQSqOZTQwiVzNyK6ZhIQrXJKgvBXX55lXTqNfe8dnZbrzSqeRxFdIxOUBW56AI10A1qoTaiKEHP6BW9WU/Wi/VufSxaC1Y+c4T+wPr8AcBbkR8=</latexit>

WBC Example

<latexit sha1_base64="ZoHMI+BXicXbZJNbhTn2qlKonTw=">AAAB9HicbVBNT8JAEN3iF9Yv1KOXjcSEE2lJ/DiScPGIUT4SaMh2GWDDdlt3p0RC+B1ePGiMV3+MN/+NLfSg4EsmeXlvJjPz/EgKg47zbeU2Nre2d/K79t7+weFR4fikacJYc2jwUIa67TMDUihooEAJ7UgDC3wJLX9cS/3WBLQRoXrAaQRewIZKDARnmEheLVQIT0jvAW27Vyg6ZWcBuk7cjBRJhnqv8NXthzwOQCGXzJiO60TozZhGwSXM7W5sIGJ8zIbQSahiARhvtjh6Ti8SpU8HoU5KIV2ovydmLDBmGvhJZ8BwZFa9VPzP68Q4uPFmQkUxguLLRYNYUgxpmgDtCw0c5TQhjGuR3Er5iGnGMckpDcFdfXmdNCtl96p8eVcpVktZHHlyRs5JibjkmlTJLamTBuHkkTyTV/JmTawX6936WLbmrGzmlPyB9fkDfOWRLw==</latexit>

Context Set
<latexit sha1_base64="Y8WZyenM9o2WxQiwdyRq7EeN5sc=">AAAB73icbVBNS8NAEJ34WeNX1aOXxSL0VJKCH8eCF48V+gVtKJvtpF262cTdjVBC/4QXD4p49e9489+YtDlo64OBx3szzMzzY8G1cZxva2Nza3tnt7Rn7x8cHh2XT047OkoUwzaLRKR6PtUouMS24UZgL1ZIQ19g15/e5X73CZXmkWyZWYxeSMeSB5xRk0m9FlVjNLY9LFecmrMAWSduQSpQoDksfw1GEUtClIYJqnXfdWLjpVQZzgTO7UGiMaZsSsfYz6ikIWovXdw7J5eZMiJBpLKShizU3xMpDbWehX7WGVIz0ateLv7n9RMT3Hopl3FiULLloiARxEQkf56MuEJmxCwjlCme3UrYhCrKTBZRHoK7+vI66dRr7nXt6qFeaVSLOEpwDhdQBRduoAH30IQ2MBDwDK/wZj1aL9a79bFs3bCKmTP4A+vzB/q+jzM=</latexit>

Target

<latexit sha1_base64="AFqyxQs+BE8LmWayhEzLkcUq8tI=">AAACBHicbVDJSgNBEO1xjXGLesylMQg5hZmAyzEggscI2SAJoaZTSZr0LHTXiCHk4MVf8eJBEa9+hDf/xs5y0MQHBY/3qqiq58dKGnLdb2dtfWNzazu1k97d2z84zBwd10yUaIFVEalIN3wwqGSIVZKksBFrhMBXWPeH11O/fo/ayCis0CjGdgD9UPakALJSJ5Mt68gQEPIKmCEv8psHCGKFaYtOJucW3Bn4KvEWJMcWKHcyX61uJJIAQxIKjGl6bkztMWiSQuEk3UoMxiCG0MempSEEaNrj2RMTfmaVLu9F2lZIfKb+nhhDYMwo8G1nADQwy95U/M9rJtS7ao9lGCeEoZgv6iWKU8SnifCu1ChIjSwBoaW9lYsBaBBkc5uG4C2/vEpqxYJ3UTi/K+ZK+UUcKZZlpyzPPHbJSuyWlVmVCfbIntkre3OenBfn3fmYt645i5kT9gfO5w+m9JYS</latexit>

Prostate Task 2 Example

Figure 12. Example Augmentations for Tyche-IS. We show for samples from different datasets how three new segmentation candidates
are generated. Starting from the top row, augmentations are applied to both the target and context set to obtain new prediction. Each
row represents a new target-context pair. We do not show the corresponding labels as for Tyche-IS, we only augment with intensity-based
transforms.

Tyche-IS Augment. p Parameters
σ ∈ [0.1, 1.0]Gaussian Blur 0.25

k = 5
µ ∈ [0, 0.05]Gaussian Noise 0.25
σ ∈ [0, 0.05]

Flip Intensities 0.5 None
Sharpness 0.25 sharpness=5

brightness∈ [−0.1, 0.1],Brightness Contrast 0.25 contrast∈ [0.5, 1.5]

Table 7. Augmentations used for Tyche-IS. We focus on intensity
transforms, to avoid inverting the prediction. For each image, an
augmentation is sampled with probability p.
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Figure 13. Improvement of UniverSeg by training with more
data. By training UniverSeg on more data, we obtain a better
average Dice score than the official UniverSeg release.

avoid diverging loss values, we had to initialize the Proba-
bilistic UNet models from versions trained on datasets with-
out augmentation. For PhiSeg, the official TensorFLow re-
lease was unstable, and we worked with the authors to run a
more recent PyTorch version of their code. Per the authors’
request, we smooth the predicted segmentations of CIDM
to remove irregularities in the final segmentations.

Interactive Methods. We use the SAM-Med2D and SAM
as interactive segmentation baselines. In our setting, user

interaction is not available. We simulate it by averaging the
ground truth labels from the context set and sample clicks
and bounding boxes from averages.

We use SAM-Med2D’s official release as it is an adapta-
tion of SAM exclusively meant for 2D medical image seg-
mentation tasks. We found empirically that SAM-Med2D
performs best when 3 positive and 2 negative clicks are sam-
pled. For the negative clicks, we sample areas inside the
bounding box that are not covered by the context set.

We also fine-tune SAM on our data. We sample 5 posi-
tive clicks and 5 negative clicks uniformly. We also provide
a bounding box and the average of the context label maps
as input.

C. Advantages of candidates loss

C.1. Intuition behind best candidate loss

The best candidate loss only evaluates the candidate that
yields the lowest loss. We provide intuition for this loss
function (Figure 14).

Given as input a target xt and a context St, the model
outputs K segmentation candidates ŷj . Despite potentially
high target ambiguity, for each training iteration we use
only one annotation ytr, .

The loss element l(ŷk, ytr) captures volume overlap be-
tween a candidate prediction ŷk and the rater annotation ytr.
If a regular loss is used across all predictions, then each
prediction tends towards the lowest expect cost over the
space of possible segmentations for that image, leading to a
mean segmentation among raters. This is particularly harm-
ful when target ambiguity is high (high rater disagreement).
Then, the mean segmentation may be very different than
any one rater and may not be representative of the ambi-
guity. For the best candidate loss, the model is encouraged
to make very different guesses for different segmentation
candidates. This increases the chance that one prediction
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Augmentation Set 1 p Parameters
None 1 None

(a) No Augmentation. The images are given to the specialized model
as is.

Light Augmentation p Parameters
σ ∈ [0.1, 1.5]Gaussian Blur 0.5

k = 7
µ ∈ [0, 0.1]Gaussian Noise 0.5
σ ∈ [0, 0.1]
α ∈ [1, 2]Variable Elastic Transform 0.25
σ ∈ [6, 8]

(b) Light Augmentation. Gaussian bur, Gaussian noise, elastic trans-
forms are each applied to the target with probability p.

Heavy Augmentation p Parameters
σ ∈ [0.1, 1.5]Gaussian Blur 0.5

k = 7
µ ∈ [0, 0.1]Gaussian Noise 0.25
σ ∈ [0, 0.1]
α ∈ [1, 2]Elastic Transform 0.25
σ ∈ [6, 8]

degrees ∈ [0, 360]
translate∈ [0, 0.2]Random Affine 0.5
scale∈ [0.8, 1.1]

brightness∈ [−0.1, 0.1],Brightness Contrast 0.5 contrast∈ [0.5, 1.5]
Horizontal Flip 0.5 None
Vertical Flip 0.5 None
Sharpness 0.5 sharpness= 5

(c) Full Set of Augmentations. To form the last augmentation set, we
add the following transforms: Affine transform, Sharpness, Brightness
and Flips.

Table 8. Set of Augmentations used to train the specialized
benchmarks. For evaluation, we select the model with the train-
ing augmentations that does best on the out-of-distribution valida-
tion set.

matches the rater being used as ground truth at that itera-
tion.

C.2. Distribution loss function

Since Tyche-TS enables multiple candidates that can coor-
dinate with one another, we can employ loss functions that
apply to a collection of raters and predictions. We demon-
strate this concept by fine-tuning Tyche-TS, using a GED2

loss function.
Figure 15 shows that the corresponding model produces

samples with lower GED2, as expected.
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yt, iteration i

Figure 14. Best candidate Loss Explanation. Because of ambi-
guity in the target, there are multiple plausible ground truths. With
a standard Dice loss, all the candidates segmentation converge to
the mean segmentation. The best candidate loss enables the model
to explore different plausible segmentation, since even one pro-
posal matching the rater segmentation used at that iteration leads
to a good loss value.
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Figure 15. Tyche-TS with GED loss (yellow) improved test-time
GED performance (lower is better).

D. Tyche Analysis

We first analyse the different components that lead to vari-
ability in Tyche-TS: the noise, the context set, the number
of prediction in on forward pass, and the SetBlock mecha-
nism. We then investigate how the size of the context set
and the number of predictions impact performances. For
Tyche-IS, we investigate different plausible sets of augmen-
tations to apply. Finally, we show that Tyche can produce
good results even in data scarcity settings when a stochastic
methods trained solely on a few samples would have limited
performance.

D.1. Diversity from noise

Figure 16 shows how three predictions vary depending on
three noise variants: zero-noise, constant noise across can-
didates, and variable noise. Both zero noise and constant
noise lead systematically to identical segmentation candi-
dates. For each example of segmentation candidates, the
context set is fixed.

Figure 18 shows that setting the noise to 0 for Tyche-TS
produces similar performances to UniverSeg, both for GED
and best candidate Dice score.
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Context 1

<latexit sha1_base64="VdToTw7R3knS4PyWueLLcF0zkQw=">AAAB8XicbVDLSgNBEJyNrxhfUY9eBoOQU9gN+DgGcvEYwTwwWcLsZDYZMjuzzPSKYclfePGgiFf/xpt/42yyB00saCiquunuCmLBDbjut1PY2Nza3inulvb2Dw6PyscnHaMSTVmbKqF0LyCGCS5ZGzgI1os1I1EgWDeYNjO/+8i04UrewyxmfkTGkoecErDSQ1NJYE+A66VhueLW3AXwOvFyUkE5WsPy12CkaBIxCVQQY/qeG4OfEg2cCjYvDRLDYkKnZMz6lkoSMeOni4vn+MIqIxwqbUsCXqi/J1ISGTOLAtsZEZiYVS8T//P6CYQ3fsplnACTdLkoTAQGhbP38YhrRkHMLCFUc3srphOiCQUbUhaCt/ryOunUa95V7fKuXmlU8ziK6Aydoyry0DVqoFvUQm1EkUTP6BW9OcZ5cd6dj2VrwclnTtEfOJ8/d4WQDQ==</latexit>

Context 2

<latexit sha1_base64="2+CbZdYJQtjhI/OZowgkU9fk1LU=">AAAB8nicbVDLSsNAFJ3UV42vqks3g0XoqiQVH8tCNy4r2AekoUymk3boZCbM3Igl9DPcuFDErV/jzr8xabPQ1gMXDufcy733BLHgBhzn2yptbG5t75R37b39g8OjyvFJ16hEU9ahSijdD4hhgkvWAQ6C9WPNSBQI1gumrdzvPTJtuJIPMIuZH5Gx5CGnBDLJaykJ7AnwpW0PK1Wn7iyA14lbkCoq0B5WvgYjRZOISaCCGOO5Tgx+SjRwKtjcHiSGxYROyZh5GZUkYsZPFyfP8UWmjHCodFYS8EL9PZGSyJhZFGSdEYGJWfVy8T/PSyC89VMu4wSYpMtFYSIwKJz/j0dcMwpilhFCNc9uxXRCNKGQpZSH4K6+vE66jbp7Xb+6b1SbtSKOMjpD56iGXHSDmugOtVEHUaTQM3pFbxZYL9a79bFsLVnFzCn6A+vzB7BqkCI=</latexit>

Context 3

<latexit sha1_base64="M/br4hXYvR/UZmFT0jH0+RIB5ag=">AAAB83icbVDJSgNBEK2JWxy3qEcvjUHIKcxEXI4BLx4jmgWSIfR0epI2PT1DL0II+Q0vHhTx6s9482/sSeagiQ8KHu9VUVUvTDlT2vO+ncLa+sbmVnHb3dnd2z8oHR61VGIkoU2S8ER2QqwoZ4I2NdOcdlJJcRxy2g7HN5nffqJSsUQ86ElKgxgPBYsYwdpKvXsTPlKi0bnruv1S2at6c6BV4uekDDka/dJXb5AQE1OhCcdKdX0v1cEUS80IpzO3ZxRNMRnjIe1aKnBMVTCd3zxDZ1YZoCiRtoRGc/X3xBTHSk3i0HbGWI/UspeJ/3ldo6PrYMpEajQVZLEoMhzpBGUBoAGT9mM+sQQTyeytiIywxETbmLIQ/OWXV0mrVvUvqxd3tXK9ksdRhBM4hQr4cAV1uIUGNIFACs/wCm+OcV6cd+dj0Vpw8plj+APn8wfHtJAh</latexit>

Subject 3

<latexit sha1_base64="e7Onn3HPbKJsz64FJZdouV2VI78=">AAAB9HicbVBNSwMxEM3Wr7p+VT16CRahp7Jb8ONY8OJJKthWbJeSTWfb0GyyJtlCKf0dXjwo4tUf481/Y7bdg7Y+GHi8N8PMvDDhTBvP+3YKa+sbm1vFbXdnd2//oHR41NIyVRSaVHKpHkKigTMBTcMMh4dEAYlDDu1wdJ357TEozaS4N5MEgpgMBIsYJcZKwSMoiW8l0+C6bq9U9qreHHiV+DkpoxyNXumr25c0jUEYyonWHd9LTDAlyjDKYeZ2Uw0JoSMygI6lgsSgg+n86Bk+s0ofR1LZEgbP1d8TUxJrPYlD2xkTM9TLXib+53VSE10FUyaS1ICgi0VRyrGROEsA95kCavjEEkIVs7diOiSKUGNzykLwl19eJa1a1b+ont/VyvVKHkcRnaBTVEE+ukR1dIMaqIkoekLP6BW9OWPnxXl3PhatBSefOUZ/4Hz+ANwAkMY=</latexit>

Zero Noise

<latexit sha1_base64="VK3dz3I/KiT9b4hMnLpLkJyzth4=">AAACIXicbVDLSgMxFM3UVx1foy7dBIvQVZkpqF0WCuKygn1Ap5RM5rYNzWSGJCOWob/ixl9x40KR7sSfMX0g2nogcDjn3CT3BAlnSrvup5Xb2Nza3snv2nv7B4dHzvFJU8WppNCgMY9lOyAKOBPQ0ExzaCcSSBRwaAWj2sxvPYBULBb3epxANyIDwfqMEm2knlPxAxgwkVEQGuTEvmGPEGJCZayU79s1IkIWEg3K9kGEPzHb7jkFt+TOgdeJtyQFtES950z9MKZpZG6gnCjV8dxEdzMiNaMcJrafKkgIHZEBdAwVJALVzeYbTvCFUULcj6U5QuO5+nsiI5FS4ygwyYjooVr1ZuJ/XifV/Uo3YyJJNQi6eKifcqxjPKsLh0wC1XxsiCmFmb9iOiSSUFODmpXgra68TprlkndVurwrF6rFZR15dIbOURF56BpV0S2qowai6Am9oDf0bj1br9aHNV1Ec9Zy5hT9gfX1DdThoy4=</latexit>

Fixed across
Candidates

<latexit sha1_base64="Z+7lM3PkovQFOwwbarPchJiJh84=">AAACGHicbVDLSsNAFJ3UV42vqEs3wSJ0VZOCj2XBjSupYB/QhDKZ3LZDJ5MwMxFK6Ge48VfcuFDEbXf+jZM2iLYeGDicc8/M3BMkjErlOF9GaW19Y3OrvG3u7O7tH1iHR20Zp4JAi8QsFt0AS2CUQ0tRxaCbCMBRwKATjG9yv/MIQtKYP6hJAn6Eh5wOKMFKS33r3AtgSHlGgCsQU7ONBcU67HnmXUwlmB7w8Mc1zb5VcWrOHPYqcQtSQQWafWvmhTFJI30DYVjKnuskys+wUJQwmJpeKiHBZIyH0NOU4wikn80Xm9pnWgntQSz04cqeq78TGY6knESBnoywGsllLxf/83qpGlz7GeVJqoCTxUODlNkqtvOW7JAKIIpNNMFEUP1Xm4ywwETXIPMS3OWVV0m7XnMvaxf39UqjWtRRRifoFFWRi65QA92iJmohgp7QC3pD78az8Wp8GJ+L0ZJRZI7RHxizb6+Rn20=</latexit>

Variable
Noise

<latexit sha1_base64="nL+rcc6Qfl7SlFWYYujVSiF/9h4=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5Ro5LuuOyhXvJo3B1olfkEqUKA5KH/1hwkxMRWacKxUz/dSHWRYakY4nbl9o2iKyQSPaM9SgWOqgmx+8wydW2WIokTaEhrN1d8TGY6Vmsah7YyxHqtlLxf/83pGR9dBxkRqNBVksSgyHOkE5QGgIZP2Yz61BBPJ7K2IjLHERNuY8hD85ZdXSbte8y9rF3f1SqNaxFGCUziDKvhwBQ24hSa0gEAKz/AKb45xXpx352PRuuYUMyfwB87nD8SmkB8=</latexit>

Subject 1

<latexit sha1_base64="DNlDtg5i1qY9t793Wk59VqNQE3I=">AAACAnicbVDLSgMxFM3UV62vqitxEyxCV2Wm4GNZKIjLivYBbSmZ9LaNzWSG5I60lOLGX3HjQhG3foU7/8b0sdDWA4HDOfdyc44fSWHQdb+dxMrq2vpGcjO1tb2zu5feP6iYMNYcyjyUoa75zIAUCsooUEIt0sACX0LV7xcnfvUBtBGhusNhBM2AdZXoCM7QSq30UTFUCAOkEWh6G/v3wJFeiQG0W+mMm3OnoMvEm5MMmaPUSn812iGPA1DIJTOm7rkRNkdMo+ASxqlGbCBivM+6ULdUsQBMczSNMKanVmnTTqjtU0in6u+NEQuMGQa+nQwY9syiNxH/8+oxdi6bI6GiGEHx2aFOLCmGdNIHbQttI8uhJYxrYf9KeY9pxtG2lrIleIuRl0kln/POc2c3+UwhO68jSY7JCckSj1yQArkmJVImnDySZ/JK3pwn58V5dz5mowlnvnNI/sD5/AGkQpbf</latexit>

Context per Subject Fixed

<latexit sha1_base64="PoIwjaxMZ7qGS4KO06LWrF62k0s=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5RoVHddd1CueDVvDrRK/IJUoEBzUP7qDxNiYio04Vipnu+lOsiw1IxwOnP7RtEUkwke0Z6lAsdUBdn85hk6t8oQRYm0JTSaq78nMhwrNY1D2xljPVbLXi7+5/WMjq6DjInUaCrIYlFkONIJygNAQybtx3xqCSaS2VsRGWOJibYx5SH4yy+vkna95l/WLu7qlUa1iKMEp3AGVfDhChpwC01oAYEUnuEV3hzjvDjvzseidc0pZk7gD5zPH8YtkCA=</latexit>

Subject 2
<latexit sha1_base64="M/br4hXYvR/UZmFT0jH0+RIB5ag=">AAAB83icbVDJSgNBEK2JWxy3qEcvjUHIKcxEXI4BLx4jmgWSIfR0epI2PT1DL0II+Q0vHhTx6s9482/sSeagiQ8KHu9VUVUvTDlT2vO+ncLa+sbmVnHb3dnd2z8oHR61VGIkoU2S8ER2QqwoZ4I2NdOcdlJJcRxy2g7HN5nffqJSsUQ86ElKgxgPBYsYwdpKvXsTPlKi0bnruv1S2at6c6BV4uekDDka/dJXb5AQE1OhCcdKdX0v1cEUS80IpzO3ZxRNMRnjIe1aKnBMVTCd3zxDZ1YZoCiRtoRGc/X3xBTHSk3i0HbGWI/UspeJ/3ldo6PrYMpEajQVZLEoMhzpBGUBoAGT9mM+sQQTyeytiIywxETbmLIQ/OWXV0mrVvUvqxd3tXK9ksdRhBM4hQr4cAV1uIUGNIFACs/wCm+OcV6cd+dj0Vpw8plj+APn8wfHtJAh</latexit>

Subject 3

Figure 16. Prediction variability as a function of injected noise. Examples of predictions for three subjects with three different types of
input noise. Top to Bottom: zero noise, Gaussian noise constant across segmentation candidates, and randomly sampled Gaussian noise.
The context set is fixed. With random noise as an input Tyche can output diverse segmentation candidates.

<latexit sha1_base64="e7Onn3HPbKJsz64FJZdouV2VI78=">AAAB9HicbVBNSwMxEM3Wr7p+VT16CRahp7Jb8ONY8OJJKthWbJeSTWfb0GyyJtlCKf0dXjwo4tUf481/Y7bdg7Y+GHi8N8PMvDDhTBvP+3YKa+sbm1vFbXdnd2//oHR41NIyVRSaVHKpHkKigTMBTcMMh4dEAYlDDu1wdJ357TEozaS4N5MEgpgMBIsYJcZKwSMoiW8l0+C6bq9U9qreHHiV+DkpoxyNXumr25c0jUEYyonWHd9LTDAlyjDKYeZ2Uw0JoSMygI6lgsSgg+n86Bk+s0ofR1LZEgbP1d8TUxJrPYlD2xkTM9TLXib+53VSE10FUyaS1ICgi0VRyrGROEsA95kCavjEEkIVs7diOiSKUGNzykLwl19eJa1a1b+ont/VyvVKHkcRnaBTVEE+ukR1dIMaqIkoekLP6BW9OWPnxXl3PhatBSefOUZ/4Hz+ANwAkMY=</latexit>

Zero Noise

<latexit sha1_base64="VK3dz3I/KiT9b4hMnLpLkJyzth4=">AAACIXicbVDLSgMxFM3UVx1foy7dBIvQVZkpqF0WCuKygn1Ap5RM5rYNzWSGJCOWob/ixl9x40KR7sSfMX0g2nogcDjn3CT3BAlnSrvup5Xb2Nza3snv2nv7B4dHzvFJU8WppNCgMY9lOyAKOBPQ0ExzaCcSSBRwaAWj2sxvPYBULBb3epxANyIDwfqMEm2knlPxAxgwkVEQGuTEvmGPEGJCZayU79s1IkIWEg3K9kGEPzHb7jkFt+TOgdeJtyQFtES950z9MKZpZG6gnCjV8dxEdzMiNaMcJrafKkgIHZEBdAwVJALVzeYbTvCFUULcj6U5QuO5+nsiI5FS4ygwyYjooVr1ZuJ/XifV/Uo3YyJJNQi6eKifcqxjPKsLh0wC1XxsiCmFmb9iOiSSUFODmpXgra68TprlkndVurwrF6rFZR15dIbOURF56BpV0S2qowai6Am9oDf0bj1br9aHNV1Ec9Zy5hT9gfX1DdThoy4=</latexit>

Fixed across
Candidates

<latexit sha1_base64="Z+7lM3PkovQFOwwbarPchJiJh84=">AAACGHicbVDLSsNAFJ3UV42vqEs3wSJ0VZOCj2XBjSupYB/QhDKZ3LZDJ5MwMxFK6Ge48VfcuFDEbXf+jZM2iLYeGDicc8/M3BMkjErlOF9GaW19Y3OrvG3u7O7tH1iHR20Zp4JAi8QsFt0AS2CUQ0tRxaCbCMBRwKATjG9yv/MIQtKYP6hJAn6Eh5wOKMFKS33r3AtgSHlGgCsQU7ONBcU67HnmXUwlmB7w8Mc1zb5VcWrOHPYqcQtSQQWafWvmhTFJI30DYVjKnuskys+wUJQwmJpeKiHBZIyH0NOU4wikn80Xm9pnWgntQSz04cqeq78TGY6knESBnoywGsllLxf/83qpGlz7GeVJqoCTxUODlNkqtvOW7JAKIIpNNMFEUP1Xm4ywwETXIPMS3OWVV0m7XnMvaxf39UqjWtRRRifoFFWRi65QA92iJmohgp7QC3pD78az8Wp8GJ+L0ZJRZI7RHxizb6+Rn20=</latexit>

Variable
Noise

<latexit sha1_base64="nL+rcc6Qfl7SlFWYYujVSiF/9h4=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5Ro5LuuOyhXvJo3B1olfkEqUKA5KH/1hwkxMRWacKxUz/dSHWRYakY4nbl9o2iKyQSPaM9SgWOqgmx+8wydW2WIokTaEhrN1d8TGY6Vmsah7YyxHqtlLxf/83pGR9dBxkRqNBVksSgyHOkE5QGgIZP2Yz61BBPJ7K2IjLHERNuY8hD85ZdXSbte8y9rF3f1SqNaxFGCUziDKvhwBQ24hSa0gEAKz/AKb45xXpx352PRuuYUMyfwB87nD8SmkB8=</latexit>

Subject 1

<latexit sha1_base64="DNlDtg5i1qY9t793Wk59VqNQE3I=">AAACAnicbVDLSgMxFM3UV62vqitxEyxCV2Wm4GNZKIjLivYBbSmZ9LaNzWSG5I60lOLGX3HjQhG3foU7/8b0sdDWA4HDOfdyc44fSWHQdb+dxMrq2vpGcjO1tb2zu5feP6iYMNYcyjyUoa75zIAUCsooUEIt0sACX0LV7xcnfvUBtBGhusNhBM2AdZXoCM7QSq30UTFUCAOkEWh6G/v3wJFeiQG0W+mMm3OnoMvEm5MMmaPUSn812iGPA1DIJTOm7rkRNkdMo+ASxqlGbCBivM+6ULdUsQBMczSNMKanVmnTTqjtU0in6u+NEQuMGQa+nQwY9syiNxH/8+oxdi6bI6GiGEHx2aFOLCmGdNIHbQttI8uhJYxrYf9KeY9pxtG2lrIleIuRl0kln/POc2c3+UwhO68jSY7JCckSj1yQArkmJVImnDySZ/JK3pwn58V5dz5mowlnvnNI/sD5/AGkQpbf</latexit>

Context per Subject Fixed

<latexit sha1_base64="PoIwjaxMZ7qGS4KO06LWrF62k0s=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5RoVHddd1CueDVvDrRK/IJUoEBzUP7qDxNiYio04Vipnu+lOsiw1IxwOnP7RtEUkwke0Z6lAsdUBdn85hk6t8oQRYm0JTSaq78nMhwrNY1D2xljPVbLXi7+5/WMjq6DjInUaCrIYlFkONIJygNAQybtx3xqCSaS2VsRGWOJibYx5SH4yy+vkna95l/WLu7qlUa1iKMEp3AGVfDhChpwC01oAYEUnuEV3hzjvDjvzseidc0pZk7gD5zPH8YtkCA=</latexit>

Subject 2
<latexit sha1_base64="M/br4hXYvR/UZmFT0jH0+RIB5ag=">AAAB83icbVDJSgNBEK2JWxy3qEcvjUHIKcxEXI4BLx4jmgWSIfR0epI2PT1DL0II+Q0vHhTx6s9482/sSeagiQ8KHu9VUVUvTDlT2vO+ncLa+sbmVnHb3dnd2z8oHR61VGIkoU2S8ER2QqwoZ4I2NdOcdlJJcRxy2g7HN5nffqJSsUQ86ElKgxgPBYsYwdpKvXsTPlKi0bnruv1S2at6c6BV4uekDDka/dJXb5AQE1OhCcdKdX0v1cEUS80IpzO3ZxRNMRnjIe1aKnBMVTCd3zxDZ1YZoCiRtoRGc/X3xBTHSk3i0HbGWI/UspeJ/3ldo6PrYMpEajQVZLEoMhzpBGUBoAGT9mM+sQQTyeytiIywxETbmLIQ/OWXV0mrVvUvqxd3tXK9ksdRhBM4hQr4cAV1uIUGNIFACs/wCm+OcV6cd+dj0Vpw8plj+APn8wfHtJAh</latexit>

Subject 3

<latexit sha1_base64="nL+rcc6Qfl7SlFWYYujVSiF/9h4=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5Ro5LuuOyhXvJo3B1olfkEqUKA5KH/1hwkxMRWacKxUz/dSHWRYakY4nbl9o2iKyQSPaM9SgWOqgmx+8wydW2WIokTaEhrN1d8TGY6Vmsah7YyxHqtlLxf/83pGR9dBxkRqNBVksSgyHOkE5QGgIZP2Yz61BBPJ7K2IjLHERNuY8hD85ZdXSbte8y9rF3f1SqNaxFGCUziDKvhwBQ24hSa0gEAKz/AKb45xXpx352PRuuYUMyfwB87nD8SmkB8=</latexit>

Subject 1

<latexit sha1_base64="sNXT2M3Nzkks/YGJb5FruQO8vyA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCVyUp+FgWBHElFe0D2lAmk5t27OTBzEQsoW78FTcuFHHrX7jzb5y0WWjrgYHDOfdy5xw35kwqy/o2FhaXlldWC2vF9Y3NrW1zZ7cpo0RQaNCIR6LtEgmchdBQTHFoxwJI4HJoucPzzG/dg5AsCm/VKAYnIP2Q+YwSpaWeuX8VMQk4BoFvEvcOqMIX7AG8Ys8sWRVrAjxP7JyUUI56z/zqehFNAggV5UTKjm3FykmJUIxyGBe7iYSY0CHpQ0fTkAQgnXSSYIyPtOJhPxL6hQpP1N8bKQmkHAWungyIGshZLxP/8zqJ8s+clIVxoiCk00N+wrGKcFYH9pjQmflIE0IF03/FdEAEoUqXlpVgz0aeJ81qxT6pHF9XS7VyXkcBHaBDVEY2OkU1dInqqIEoekTP6BW9GU/Gi/FufExHF4x8Zw/9gfH5AyPslfg=</latexit>

Noise per Subject Fixed

<latexit sha1_base64="PoIwjaxMZ7qGS4KO06LWrF62k0s=">AAAB83icbVDLSsNAFL3xWeOr6tLNYBG6KknBx7LgxmVF+4A2lMl00o6dTMI8hBL6G25cKOLWn3Hn3zhps9DWAxcO59zLvfeEKWdKe963s7a+sbm1Xdpxd/f2Dw7LR8dtlRhJaIskPJHdECvKmaAtzTSn3VRSHIecdsLJTe53nqhULBEPeprSIMYjwSJGsLZS/96Ej5RoVHddd1CueDVvDrRK/IJUoEBzUP7qDxNiYio04Vipnu+lOsiw1IxwOnP7RtEUkwke0Z6lAsdUBdn85hk6t8oQRYm0JTSaq78nMhwrNY1D2xljPVbLXi7+5/WMjq6DjInUaCrIYlFkONIJygNAQybtx3xqCSaS2VsRGWOJibYx5SH4yy+vkna95l/WLu7qlUa1iKMEp3AGVfDhChpwC01oAYEUnuEV3hzjvDjvzseidc0pZk7gD5zPH8YtkCA=</latexit>

Subject 2
<latexit sha1_base64="M/br4hXYvR/UZmFT0jH0+RIB5ag=">AAAB83icbVDJSgNBEK2JWxy3qEcvjUHIKcxEXI4BLx4jmgWSIfR0epI2PT1DL0II+Q0vHhTx6s9482/sSeagiQ8KHu9VUVUvTDlT2vO+ncLa+sbmVnHb3dnd2z8oHR61VGIkoU2S8ER2QqwoZ4I2NdOcdlJJcRxy2g7HN5nffqJSsUQ86ElKgxgPBYsYwdpKvXsTPlKi0bnruv1S2at6c6BV4uekDDka/dJXb5AQE1OhCcdKdX0v1cEUS80IpzO3ZxRNMRnjIe1aKnBMVTCd3zxDZ1YZoCiRtoRGc/X3xBTHSk3i0HbGWI/UspeJ/3ldo6PrYMpEajQVZLEoMhzpBGUBoAGT9mM+sQQTyeytiIywxETbmLIQ/OWXV0mrVvUvqxd3tXK9ksdRhBM4hQr4cAV1uIUGNIFACs/wCm+OcV6cd+dj0Vpw8plj+APn8wfHtJAh</latexit>
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Context 3

Figure 17. Prediction variability as a function of the context set. The context set significantly contributes to the variability of the output.
For three different subjects, we show how the corresponding segmentation candidates are affected by different context sets. The random
Gaussian noise given as input is fixed for each set of candidates.
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Figure 18. Tyche-TS with no noise gives similar results to Uni-
verSeg. Setting the noise to 0 for Tyche-TS gives similar best can-
didate Dice score and similar GED2 to UniverSeg. Top: Gener-
alized Energy Distance. Bottom: Best candidate Dice Score.

D.2. Diversity from context

Figure 17 shows example predictions for three subjects and
three context sets. Different contexts lead to different pre-
dictions, even if the noise is the same, sometimes drasti-
cally. For instance, the predictions for subject 1 and context
3 contain a candidate with no annotations.

D.3. Diversity in the number of predictions

While Tyche-IS predicts each segmentation sample sequen-
tially, Tyche-TS has a one-shot mechanism that predicts all
the candidates at once. One may wonder how the number
of predictions requested at inference impacts the output of
Tyche-TS. Figure 19 shows that with the number of predic-
tion set to 1, Tyche-TS loses a lot of its diversity compared
to 5 predictions.

This is also shown quantitatively in Figure 21, where
Generalized Energy Distance decreases as the number of
predictions increases.
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Figure 19. Setting a number of predictions larger than 1 allows for more diversity. The outputs of Tyche-TS are a lot more uniform
when the number of prediction is set to 1 than when it is set to 5.No Interaction
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No SetBlock

Figure 20. Removing the SetBlock leads to less diversity in the output. The segmentation candidates output by Tyche-TS are more
diverse than the candidates of a Tyche-TS model trained without the SetBlock interaction.

D.4. Diversity from the SetBlock

Tyche-TS has an intrinsic mechanism to encourage the seg-
mentation candidates to be diverse: SetBlock. Figure 20 vi-
sually compares the segmentations predicted with the mech-
anisms and the segmentations predicted by a Tyche model
trained without the SetBlock. Without the SetBlock, the pre-
dictions output by Tyche are a lot less diverse.

D.5. Size of the Context Set

Generally, a larger context set improves performances. Fig-
ure 22 shows that Generalized Energy Distance improves as
the size of the context set increases. However, the improve-
ment decreases beyond 16 samples.

D.6. Augmentations

We study different augmentation for Tyche-IS and how the
influence the quality of predictions. We consider four set-
tings: no augmentation, only light augmentation such as
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Figure 21. GED2 for Tyche as a function of the number of
predictions, Ki. Performances improve with the number of pre-
diction but with diminishing returns.

Gaussian Noise and Gaussian Blur, described Table 7, the
Tyche-IS augmentations shown Table 7 and the Tyche-IS
with slightly stronger parameters. shown Table 9. The re-
sults are shown in Figure 23 both aggregated across datasets
and for each dataset individually. Overall, adding augmen-
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Figure 22. GED2 for Tyche as a function of the inference con-
text size. Performances improve as the context size increases but
with diminishing returns.
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Figure 23. Performance of different augmentation schemes for
Tyche-IS. We consider four augmentations: none, light, the one
used in Tyche-IS and a stronger version of the later. Top: Per
Dataset. Bottom: Overall. The one that we selected for Tyche-
IS is the most promising.

Tyche-IS High Aug. p Parameters
σ ∈ [0.5, 1.0]Gaussian Blur 0.25

k = 5
µ ∈ [0.4, 0.5]Gaussian Noise 0.5
σ ∈ [0.1, 0.2]

Flip Intensities 0.5 None
Sharpness 0.25 sharpness=5

brightness∈ [−0.1, 0.1],Brightness Contrast 0.25 contrast∈ [0.5, 1.5]

Table 9. High augmentations used to validate Tyche-IS. We fo-
cus on intensity transforms, to avoid inverting the prediction. For
each image, an augmentation is sampled with probability p.

tations improves the best candidate Dice score. However,
it can degrades the quality of the predictions, for instance
for STARE. The augmentation we selected for Tyche-IS is
the most promising so far, without requiring inversion of the
transform applied.
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Figure 24. Few-Shot Regime. Comparison between Tyche-TS
and PhiSeg trained on the few-shot examples. PhiSeg fails to learn
from very few samples both on max. Dice score and GED, com-
pared to Tyche.

D.7. Few Shot Regime

We train PhiSeg on a subset of LIDC-IDRI, S̃ , and exam-
ine how this network generalizes compared to Tyche, where
the context set is S̃. We investigate four few-shot settings:
3, 5, 8 and 16. For each, we train 30 PhiSegs: 10 seeds to
account for variability in our samples and three data aug-
mentation regimes (none, light, normal). For each seed and
each few-shot setting, we select the PhiSeg that does best
on the validation set. Figure 24 shows that Tyche can lever-
age the data available much more effectively than PhiSeg,
which fails to learn with so little samples.
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Figure 25. Sample Diversity on Multi-Annotator Data. Since
the sample diversity of the deterministic methods is 0, we do not
show them here. Tyche-IS produces the most diverse samples,
while Fine-Tuned SAM has very low diversity, despite varying
clicks and bounding box locations. Higher is better.
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Figure 26. Hungarian Matching on Multi-Annotator Data.
Both Tyche-IS and UniverSeg perform well. Tyche-TS performs
best. Higher is better.

E. Further Evaluation
E.1. Performances on other Metrics

Evaluating the quality of different predictions can be chal-
lenging especially when different annotators are available.
We proposed best candidate Dice score and Generalized En-
ergy Distance. Some also analysed sample diversity [95],
and Hungarian Matching [68, 133]. Sample diversity con-
sists in measuring the agreement between candidate predic-
tions Ŷ , rewarding most diverse sets of candidates:

DSD(Ŷ) = E [d(p̂, p̂′)] , (17)

where p̂, p̂′ ∼ Ŷ and d(·, ·) is Dice score. One limitation of
this metric is that it blindly rewards diversity without taking
into account the natural ambiguity in the target. Ideally,
when there is high ambiguity in the target, the samples are
very diverse, and inversely, when there is low ambiguity, the
segmentation candidates are not diverse.

In the context of stochastic predictions, Hungarian
Matching [70] consists in matching the set of predictions
with the set of annotations, so that an overall metric is min-
imized. We use negative Dice score. One limitation of this
method is that it has to be adapted when the number of an-
notators does not match the number of prediction. The most
widely used fix is to artificially inflate the number of pre-
dictions and the number of annotations to reach the least
common multiple [68]. We use this strategy here as well.

Figures 25 and 26 show the performances for sample di-
versity and Hungarian Matching respectively.
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Figure 27. Best candidate Dice score for the Single-Annotator
Datasets. Top to Bottom: ACDC, PanDental, SCD, SpineWeb and
WBC. Tyche performs well in general except for SpineWeb.

E.2. Per Dataset Results

We show for each dataset and each method the best can-
didate Dice score. We also show for Tyche and the differ-
ent benchmarks Generalized Energy Distance, Hungarian
Matching and Sample Diversity for the datasets with multi-
ple annotations.

Best candidate Dice Score. Figure 27 shows the best can-
didate Dice score for the single-annotator datasets. Tyche
performs well across datasets. Both versions of Tyche seem
to dominate both types of benchmarks and be comparable
to the upper bounds, except for one dataset: SpineWeb. We
hypothesize that part of the performance drop is due to the
nature of the structure to segment in SpineWeb: individual
vertebra. Most of our training data contains single struc-
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Figure 28. Best candidate Dice Score for Multi-Annotator
Datasets Top to bottom: Hippocampus, LIDC-IDRI, Prostate
Task 1, Prostate Task 2 and STARE. Tyche performs well across
datasets. (Higher is better.)

tures to segment.
Figure 28 shows the best candidate Dice score for the

multi-annotator datasets. Similar conclusions can be drawn
as for the single-annotator data. Some benchmarks are par-
ticularly sensitive to the data they are evaluated on, for in-
stance SegGPT. This methods performs really well on the
Prostate data but quite poorly on the STARE and the Hip-
pocampus data. We assume that because SegGPT was de-
signed for images of 448x448, our images of dimension
128x128 might affect performances.

Generalized Energy Distance. Figure 29 shows General-
ized Energy distance for the multi-rater datasets.

Hungarian Matching. Figure 30 shows the Hungarian
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Figure 29. Generalized Energy Distance for Multi-Annotator
Datasets. Top to bottom: Hippocampus, LIDC-IDRI, Prostate
Task 1, Prostate Task 2 and STARE. Tyche performs well across
datasets. (Lower is better.)

Matching metric for the multi-rater datasets. We find that
UniverSeg performs particularly well. We suspect that be-
cause we have to artificially duplicate our samples to com-
pute this metric, the resulting scenario favors methods that
are closer to the mean.

Sample Diversity. Figure 31 shows sample diversity for the
multi-annotator datasets. We only show the sample diver-
sity for the methods outputing more than one segmentation
candidate. For UniverSeg, SegGPT and SENet, the sample
diversity is trivially 0.
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Figure 30. Hungarian Matching Dice for Multi-Annotator
Datasets. Top to bottom: Hippocampus, LIDC-IDRI, Prostate
Task 1, Prostate Task 2 and STARE. Tyche performs well across
datasets. (Higher is better.)

E.3. Additional Visualizations

We show additional visualization for Tyche frameworks as
well as all the benchmarks.

Single-Annotator Data Visualizations for ACDC are
shown Figure 32. We show two PanDental examples Figure
34 and Figure 35, one for each task. We show an example
for SpineWeb Figure 33 and one for WBC Figure 37.
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Figure 31. Sample Diversity for Multi-Annotator Datasets. Top
to bottom: Hippocampus, LIDC-IDRI, Prostate Task 1, Prostate
Task 2 and STARE. Tyche performs well across datasets. We only
show methods with diversity greater than 0. (Higher is better.)

Multi-Annotator Data We show an example prediction
for the Hippocampus data Figure 38 and one example pre-
diction for STARE in Figure 39. We provide visualizations
for each Prostate task Figures 40 and 41 respectively. Fi-
nally, we give two example visualizations for LIDC-IDRI
Figures 42 and 43.
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Tyche (Ours)

<latexit sha1_base64="ZJTw55HBDTZo4n7sC3S83UGkf44=">AAAB+HicbVDLTsJAFJ3iC+uDqks3E4kJK9KS+FhiYOESE0ESaMh0mMKE6bSZuTVBwpe4caExbv0Ud/6NU+hCwZPc5OSce2fuPUEiuAbX/bYKG5tb2zvFXXtv/+Cw5Bwdd3ScKsraNBax6gZEM8ElawMHwbqJYiQKBHsIJo3Mf3hkSvNY3sM0YX5ERpKHnBIw0sAp3TSaDdwkYN4A27YHTtmtugvgdeLlpIxytAbOV38Y0zRiEqggWvc8NwF/RhRwKtjc7qeaJYROyIj1DJUkYtqfLRaf43OjDHEYK1MS8EL9PTEjkdbTKDCdEYGxXvUy8T+vl0J47c+4TFJgki4/ClOBIcZZCnjIFaMgpoYQqrjZFdMxUYSCySoLwVs9eZ10alXvsnpxVyvXK3kcRXSKzlAFeegK1dEtaqE2oihFz+gVvVlP1ov1bn0sWwtWPnOC/sD6/AHtr5E+</latexit>

ACDC Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 32. Example Prediction for ACDC.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="pGUu+uJd034qQmak1JdjwCqYDeU=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyxCV2Wm4GNZ0IXLivYB7VAyaaYNzWSG5I5Qh+KvuHGhiFv/w51/Y6adhbYeCBzOuSe5OX4suAbH+bYKK6tr6xvFzdLW9s7unr1/0NJRoihr0khEquMTzQSXrAkcBOvEipHQF6ztj68yv/3AlOaRvIdJzLyQDCUPOCVgpL59dBebZJv5+JqAuQdKBn277FSdGfAycXNSRjkaffurN4hoEjIJVBCtu64Tg5cSBZwKNi31Es1iQsdkyLqGShIy7aWz7af41CgDHETKHAl4pv5OpCTUehL6ZjIkMNKLXib+53UTCC69lMs4ASbp/KEgERginFWBB1wxCmJiCKGKm10xHRFFKJjCshLcxS8vk1at6p5Xz25r5Xolr6OIjtEJqiAXXaA6ukEN1EQUPaJn9IrerCfrxXq3PuajBSvPHKI/sD5/AABfk4w=</latexit>

SpineWeb Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 33. Example Prediction for SpineWeb.
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N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="WLiQqq2Xd8VGiozUTPs7Fox8CH0=">AAAB/XicbVDLTgIxFO3gC8cXPnZuGokJKzJD4mNJIguXmMgjAULulAINnc6kvWOChPgrblxojFv/w51/Y4FZKHiSJifn3FdPEEth0PO+ncza+sbmVnbb3dnd2z/IHR7VTZRoxmsskpFuBmC4FIrXUKDkzVhzCAPJG8HoZuY3Hrg2IlL3OI55J4SBEn3BAK3UzZ1UQVW4QpC0AmgHoeu63VzeK3pz0FXipyRPUlS7ua92L2JJaAcxCca0fC/GzgQ0Cib51G0nhsfARjDgLUsVhNx0JvPrp/TcKj3aj7R9Culc/d0xgdCYcRjYyhBwaJa9mfif10qwf92ZCBUnyBVbLOonkmJEZ1HQntCcoRxbAkwLeytlQ9DA0AY2C8Ff/vIqqZeK/mXx4q6ULxfSOLLklJyRAvHJFSmTW1IlNcLII3kmr+TNeXJenHfnY1GacdKeY/IHzucPeaaT3A==</latexit>

PanDental Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 34. Example Prediction for PanDental, task 1.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N3

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="WLiQqq2Xd8VGiozUTPs7Fox8CH0=">AAAB/XicbVDLTgIxFO3gC8cXPnZuGokJKzJD4mNJIguXmMgjAULulAINnc6kvWOChPgrblxojFv/w51/Y4FZKHiSJifn3FdPEEth0PO+ncza+sbmVnbb3dnd2z/IHR7VTZRoxmsskpFuBmC4FIrXUKDkzVhzCAPJG8HoZuY3Hrg2IlL3OI55J4SBEn3BAK3UzZ1UQVW4QpC0AmgHoeu63VzeK3pz0FXipyRPUlS7ua92L2JJaAcxCca0fC/GzgQ0Cib51G0nhsfARjDgLUsVhNx0JvPrp/TcKj3aj7R9Culc/d0xgdCYcRjYyhBwaJa9mfif10qwf92ZCBUnyBVbLOonkmJEZ1HQntCcoRxbAkwLeytlQ9DA0AY2C8Ff/vIqqZeK/mXx4q6ULxfSOLLklJyRAvHJFSmTW1IlNcLII3kmr+TNeXJenHfnY1GacdKeY/IHzucPeaaT3A==</latexit>

PanDental Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 35. Example Prediction for PanDental, task 2.

12



<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="IaM2oloKdMSKo0trffWtjuVkXto=">AAAB+HicbVDLTsJAFJ3iC/FB1aWbicSEFWlJfCxJYOESoyAJNGQ6TGHCdNrM3Jpgw5e4caExbv0Ud/6NU+hCwZPc5OSce2fuPX4suAbH+bYKG5tb2zvF3dLe/sFh2T467uooUZR1aCQi1fOJZoJL1gEOgvVixUjoC/bgT5uZ//DIlOaRvIdZzLyQjCUPOCVgpKFdvmu2cIuAeQJKBkO74tScBfA6cXNSQTnaQ/trMIpoEjIJVBCt+64Tg5cSBZwKNi8NEs1iQqdkzPqGShIy7aWLxef43CgjHETKlAS8UH9PpCTUehb6pjMkMNGrXib+5/UTCK69lMs4ASbp8qMgERginKWAR1wxCmJmCKGKm10xnRBFKJisshDc1ZPXSbdecy9rF7f1SqOax1FEp+gMVZGLrlAD3aA26iCKEvSMXtGb9WS9WO/Wx7K1YOUzJ+gPrM8fs7KRFw==</latexit>

SCD Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 36. Example Prediction for SCD.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="FmKrah+7urvX2+kkavJxIj2iwp8=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSxCVyUp+FgW68JlBfuANpTJdNIOnUzCzI1QQ7/EjQtF3Pop7vwbJ20W2nrgwuGce2fuPX4suAbH+bYKG5tb2zvF3dLe/sFh2T467ugoUZS1aSQi1fOJZoJL1gYOgvVixUjoC9b1p83M7z4ypXkkH2AWMy8kY8kDTgkYaWiXuzdNfEvAPAElg6FdcWrOAniduDmpoBytof01GEU0CZkEKojWfdeJwUuJAk4Fm5cGiWYxoVMyZn1DJQmZ9tLF4nN8bpQRDiJlSgJeqL8nUhJqPQt90xkSmOhVLxP/8/oJBNdeymWcAJN0+VGQCAwRzlLAI64YBTEzhFDFza6YTogiFExWWQju6snrpFOvuZe1i/t6pVHN4yiiU3SGqshFV6iB7lALtRFFCXpGr+jNerJerHfrY9lasPKZE/QH1ucPttmRGQ==</latexit>

WBC Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 37. Example Prediction for WBC.

13



<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="dVtIAID+SjfjYuIh8Z2rg1kAeG4=">AAACAHicbVDLSgMxFM3UV62vURcu3ASL0FWZKfhYFnTRZQVbC+1QMmmmDU1mQnJHKEM3/oobF4q49TPc+Tem7Sy09cCFwzn3JveeUAluwPO+ncLa+sbmVnG7tLO7t3/gHh61TZJqylo0EYnuhMQwwWPWAg6CdZRmRIaCPYTjm5n/8Mi04Ul8DxPFAkmGMY84JWClvnvS4EollEiVGnxLwD4FJYu+W/aq3hx4lfg5KaMczb771RskNJUsBiqIMV3fUxBkRAOngk1LvdQwReiYDFnX0phIZoJsfsAUn1tlgKNE24oBz9XfExmRxkxkaDslgZFZ9mbif143heg6yHisUmAxXXwUpQJDgmdp4AHXjIKYWEKo5nZXTEdEEwo2s1kI/vLJq6Rdq/qX1Yu7WrleyeMoolN0hirIR1eojhqoiVqIoil6Rq/ozXlyXpx352PRWnDymWP0B87nD7OMlRY=</latexit>

Hippocampus Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 38. Example Prediction for Hippocampus.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N3

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="8krHvcSSNPgJ3pxWtQgcWKnE63k=">AAAB+nicbVDLSgMxFM3UV62vqS7dBIvQVZkp+FhWVHBZtS9oh5JJM21o5kFyRyljP8WNC0Xc+iXu/Bsz7Sy09cCFwzn3JvceNxJcgWV9G7mV1bX1jfxmYWt7Z3fPLO63VBhLypo0FKHsuEQxwQPWBA6CdSLJiO8K1nbHl6nffmBS8TBowCRijk+GAfc4JaClvlm8b1zcXeMrAvoRKGj0zZJVsWbAy8TOSAllqPfNr94gpLHPAqCCKNW1rQichEjgVLBpoRcrFhE6JkPW1TQgPlNOMlt9io+1MsBeKHUFgGfq74mE+EpNfFd3+gRGatFLxf+8bgzeuZPwIIqBBXT+kRcLDCFOc8ADLhkFMdGEUMn1rpiOiCQUdFppCPbiycukVa3Yp5WT22qpVs7iyKNDdITKyEZnqIZuUB01EUWP6Bm9ojfjyXgx3o2PeWvOyGYO0B8Ynz8CE5HQ</latexit>

STARE Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 39. Example Prediction for STARE.
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<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="FHw155GMlAEVL5m9nAE5B3lVz8o=">AAACBHicbVC7SgNBFJ2Nrxhfq5ZpBoOQKuwGfJQBLSwj5AVJCHcnk2TI7Owyc1cIIYWNv2JjoYitH2Hn3zibpNDEAxcO59w7c+8JYikMet63k9nY3Nreye7m9vYPDo/c45OGiRLNeJ1FMtKtAAyXQvE6CpS8FWsOYSB5MxjfpH7zgWsjIlXDScy7IQyVGAgGaKWem6/qyCAgpzUwY+rTW0D7HOYsem7BK3lz0HXiL0mBLFHtuV+dfsSSkCtkEoxp+16M3SloFEzyWa6TGB4DG8OQty1VEHLTnc6PmNFzq/TpINK2FNK5+ntiCqExkzCwnSHgyKx6qfif105wcN2dChUnyBVbfDRIJMWIponQvtCcoZxYAkwLuytlI9DA0OaWhuCvnrxOGuWSf1m6uC8XKsVlHFmSJ2ekSHxyRSrkjlRJnTDySJ7JK3lznpwX5935WLRmnOXMKfkD5/MHm+KWCw==</latexit>

Prostate Task 1 Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 40. Example Prediction for Prostate Task 1.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N3

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="i2zYibtMxyyMtzXIbHv8QiLmbKg=">AAACBHicbVC7SgNBFJ2NrxhfUcs0g0FIFXYDPsqAFpYR8oIkhLuT2WTI7Owyc1cIIYWNv2JjoYitH2Hn3zhJttDEAxcO59w7c+/xYykMuu63k9nY3Nreye7m9vYPDo/yxydNEyWa8QaLZKTbPhguheINFCh5O9YcQl/ylj++mfutB66NiFQdJzHvhTBUIhAM0Er9fKGmI4OAnNbBjGmF3gLa5zBn0c8X3bK7AF0nXkqKJEWtn//qDiKWhFwhk2BMx3Nj7E1Bo2CSz3LdxPAY2BiGvGOpgpCb3nRxxIyeW2VAg0jbUkgX6u+JKYTGTELfdoaAI7PqzcX/vE6CwXVvKlScIFds+VGQSIoRnSdCB0JzhnJiCTAt7K6UjUADQ5vbPARv9eR10qyUvcvyxX2lWC2lcWRJgZyREvHIFamSO1IjDcLII3kmr+TNeXJenHfnY9macdKZU/IHzucPnXKWDA==</latexit>

Prostate Task 2 Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 41. Example Prediction for Prostate Task 2.
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<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="JVxLDqt90mbUiQJZWQ6WaU7PXOc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvQjWWm4GNZaBcWXFSxD2iHkkkzbWjmQXJHKEPBX3HjQhG3foc7/8ZMOwttPXDhcM69yb3HjQRXYFnfxsrq2vrGZm4rv72zu7dvHhy2VBhLypo0FKHsuEQxwQPWBA6CdSLJiO8K1nbH1dRvPzKpeBg8wCRijk+GAfc4JaClvnl8W69Vz+u1+zquEdAPQV6jbxaskjUDXiZ2RgooQ6NvfvUGIY19FgAVRKmubUXgJEQCp4JN871YsYjQMRmyrqYB8Zlyktn6U3ymlQH2QqkrADxTf08kxFdq4ru60ycwUoteKv7ndWPwrp2EB1EMLKDzj7xYYAhxmgUecMkoiIkmhEqud8V0RCShoBNLQ7AXT14mrXLJvixd3JULlWIWRw6doFNURDa6QhV0gxqoiShK0DN6RW/Gk/FivBsf89YVI5s5Qn9gfP4AF3yS6g==</latexit>

LIDC-IDRI Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 42. Example Prediction for LIDC-IDRI.

<latexit sha1_base64="pySdsYNp2rHvINVce1kmjJtrs4A=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhRHZJfBxJPOgRIyAJbMjs0AsTZh/OzJqQDT/hxYPGePV3vPk3zsIeFKykk0pVd7q7vFhwpW372yqsrW9sbhW3Szu7e/sH5cOjjooSybDNIhHJrkcVCh5iW3MtsBtLpIEn8MGbXGf+wxNKxaOwpacxugEdhdznjGojde9xdNNslUqDcsWu2XOQVeLkpAI5moPyV38YsSTAUDNBleo5dqzdlErNmcBZqZ8ojCmb0BH2DA1pgMpN5/fOyJlRhsSPpKlQk7n6eyKlgVLTwDOdAdVjtexl4n9eL9H+lZvyME40hmyxyE8E0RHJnidDLpFpMTWEMsnNrYSNqaRMm4iyEJzll1dJp15zLmrnd/VKo5rHUYQTOIUqOHAJDbiFJrSBgYBneIU369F6sd6tj0VrwcpnjuEPrM8fbKWO1g==</latexit>

SegGPT
<latexit sha1_base64="F2jVY4a4OKHVk1DTRM4YpO5evhc=">AAAB8nicbVBNS8NAEN3Urxq/qh69LBahp5IU/DgWvHisaNpCGspmu2mXbjZhdyKU0J/hxYMiXv013vw3btoctPXBwOO9GWbmhangGhzn26psbG5t71R37b39g8Oj2vFJVyeZosyjiUhUPySaCS6ZBxwE66eKkTgUrBdObwu/98SU5ol8hFnKgpiMJY84JWAk35PcuA9sbNvDWt1pOgvgdeKWpI5KdIa1r8EooVnMJFBBtPZdJ4UgJwo4FWxuDzLNUkKnZMx8QyWJmQ7yxclzfGGUEY4SZUoCXqi/J3ISaz2LQ9MZE5joVa8Q//P8DKKbIOcyzYBJulwUZQJDgov/8YgrRkHMDCFUcXMrphOiCAWTUhGCu/ryOum2mu5V8/K+VW83yjiq6AydowZy0TVqozvUQR6iKEHP6BW9WWC9WO/Wx7K1YpUzp+gPrM8fQx+Qgg==</latexit>

UniverSeg
<latexit sha1_base64="e3DYewzJNznXNCjrtFntm/yimOQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvQU0kKfhwLIniSiqYttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpBwprTjfFuFtfWNza3idmlnd2//oHx41FJxKil6NOax7AREIWcCPc00x04ikUQBx3Ywvp757SeUisXiUU8S9CMyFCxklGgjeQ83d6j75YpTc+awV4mbkwrkaPbLX71BTNMIhaacKNV1nUT7GZGaUY7TUi9VmBA6JkPsGipIhMrP5sdO7TOjDOwwlqaEtufq74mMREpNosB0RkSP1LI3E//zuqkOr/yMiSTVKOhiUZhyW8f27HN7wCRSzSeGECqZudWmIyIJ1SafkgnBXX55lbTqNfeidn5frzSqeRxFOIFTqIILl9CAW2iCBxQYPMMrvFnCerHerY9Fa8HKZ47hD6zPH2eIjlk=</latexit>

SENet

N1

<latexit sha1_base64="9t5vvMyr/yUKqVOCbNNwu/6Yvig=">AAAB9XicbVDLSgMxFM3UV62vqks3wSJ0VWYKPpYFXbisYB/QjiWT3mlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcV04Qc6aN6347hbX1jc2t4nZpZ3dv/6B8eNTWUaIotGjEI9UNiAbOJLQMMxy6sQIiAg6dYHKd+Z1HUJpF8t5MY/AFGUkWMkqMlR5uwIASTNpFjJYG5Ypbc+fAq8TLSQXlaA7KX/1hRBMB0lBOtO55bmz8lCg7jcOs1E80xIROyAh6lkoiQPvp/OoZPrPKEIeRsk8aPFd/d6REaD0Vga0UxIz1speJ/3m9xIRXfspknBiQdLEoTDg2Ec4iwEOmgBo+tYRQxeytmI6JItRmobMQvOUvr5J2veZd1M7v6pVGNY+jiE7QKaoiD12iBrpFTdRCFCn0jF7Rm/PkvDjvzseitODkPcfoD5zPH1LKklI=</latexit>

Deterministic
<latexit sha1_base64="+nwx8x42VXs/gZAyf2BaD0MbrD4=">AAACAXicbZBNS8MwHMbT+Tbr29SL4CU4hJ1GO/DlOPTicaLdBlsZaZpuYWlSklQYZV78Kl48KOLVb+HNb2O69aCbDwQenv9L+P+ChFGlHefbKq2srq1vlDftre2d3b3K/kFbiVRi4mHBhOwGSBFGOfE01Yx0E0lQHDDSCcbXeb3zQKSigt/rSUL8GA05jShG2kSDytGdFniElKYYeklCJLwSKQ9te1CpOnVnJrhs3MJUQaHWoPLVDwVOY8I1Zkipnusk2s+QNKsZmdr9VJEE4TEakp6xHMVE+dnsgik8NUkIIyHN4xrO0t8TGYqVmsSB6YyRHqnFWh7+V+ulOrr0M8qTVBOO5x9FKYNawBwHDKkkWLOJMQhLmmMwOCTC2kDLIbiLJy+bdqPuntfPbhvVZq3AUQbH4ATUgAsuQBPcgBbwAAaP4Bm8gjfryXqx3q2PeWvJKmYOwR9Znz8mTpX2</latexit>

Stochastic Upper Bound

<latexit sha1_base64="0qPoHeEMWrlGCqyI7wTzukXOZy8=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBByCrsBH8eAF48RzQOSJcxOepMxs7PLzKwQlvyDFw+KePV/vPk3TpI9aGJBQ1HVTXdXkAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fip1Rjxexz2S2W36s5BVomXkzLkaPRLX71BzNIIpWGCat313MT4GVWGM4HTYi/VmFA2pkPsWipphNrP5tdOyblVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmr5MBV8iMmFhCmeL2VsJGVFFmbEBFG4K3/PIqadWq3mX14q5WrlfyOApwCmdQAQ+uoA630IAmMHiEZ3iFNyd2Xpx352PRuubkMyfwB87nD1JhjuQ=</latexit>

PhiSeg

<latexit sha1_base64="5Yms8bEsXBfqPB4s75zQgzZzdv4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahp5AU/DgWvHiSCqYttKFstpt26WY37E6EEvozvHhQxKu/xpv/xm2bg7Y+GHi8N8PMvCgV3IDnfTuljc2t7Z3ybmVv/+DwqHp80jYq05QFVAmluxExTHDJAuAgWDfVjCSRYJ1ocjv3O09MG67kI0xTFiZkJHnMKQEr9VpaRcTFwT2DQbXmud4CeJ34BamhAq1B9as/VDRLmAQqiDE930shzIkGTgWbVfqZYSmhEzJiPUslSZgJ88XJM3xhlSGOlbYlAS/U3xM5SYyZJpHtTAiMzao3F//zehnEN2HOZZoBk3S5KM4EBoXn/+Mh14yCmFpCqOb2VkzHRBMKNqWKDcFffXmdtBuuf+VePjRqzXoRRxmdoXNURz66Rk10h1ooQBQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AFbvpCU</latexit>

Proba. UNet

<latexit sha1_base64="BUJoWOnxGWysh3AlK+LsQH4vqfA=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahp7Jb8ONYqAc9CBWsLbRLyabZNjTJLklWKEv/ghcPinj1D3nz35ht96CtDwYe780wMy+IOdPGdb+dwtr6xuZWcbu0s7u3f1A+PHrUUaIIbZOIR6obYE05k7RtmOG0GyuKRcBpJ5g0M7/zRJVmkXww05j6Ao8kCxnBJpOat9d3g3LFrblzoFXi5aQCOVqD8ld/GJFEUGkIx1r3PDc2foqVYYTTWamfaBpjMsEj2rNUYkG1n85vnaEzqwxRGClb0qC5+nsixULrqQhsp8BmrJe9TPzP6yUmvPJTJuPEUEkWi8KEIxOh7HE0ZIoSw6eWYKKYvRWRMVaYGBtPyYbgLb+8Sh7rNe+idn5frzSqeRxFOIFTqIIHl9CAG2hBGwiM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gBLio2t</latexit>

CIDM

<latexit sha1_base64="lqD+uP7pofQbVTEPuizVok6xyZU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5IU/DgWvOitgq2FNpTNdtIu3WzC7qZQSv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZFySCa+O6305hY3Nre6e4W9rbPzg8Kh+ftHWcKoYtFotYdQKqUXCJLcONwE6ikEaBwKdgfJv5TxNUmsfy0UwT9CM6lDzkjBor9e6lQUWZ4RMs9csVt+YuQNaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+DOqDGcC56VeqjGhbEyH2LVU0gi1P1vcPCcXVhmQMFa2pCEL9ffEjEZaT6PAdkbUjPSql4n/ed3UhDf+jMskNSjZclGYCmJikgVABlwhM2JqCWWK21sJG9EsBBtTFoK3+vI6addr3lXt8qFeaVTzOIpwBudQBQ+uoQF30IQWMEjgGV7hzUmdF+fd+Vi2Fpx85hT+wPn8AbpTkWg=</latexit>

Interactive
<latexit sha1_base64="hk9lwZvu7YRASG9aE8VMYA0uaW8=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gN+DhGBPEiRMwLkiXMTmaTMbMzy8ysEJb8gxcPinj1f7z5N06SPWi0oKGo6qa7K4g508Z1v5zcyura+kZ+s7C1vbO7V9w/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H46uZ336kSjMpGmYSUz/CQ8FCRrCxUuu6ge4vb/vFkltx50B/iZeREmSo94ufvYEkSUSFIRxr3fXc2PgpVoYRTqeFXqJpjMkYD2nXUoEjqv10fu0UnVhlgEKpbAmD5urPiRRHWk+iwHZG2Iz0sjcT//O6iQkv/JSJODFUkMWiMOHISDR7HQ2YosTwiSWYKGZvRWSEFSbGBlSwIXjLL/8lrWrFO6uc3lVLtXIWRx6O4BjK4ME51OAG6tAEAg/wBC/w6kjn2Xlz3hetOSebOYRfcD6+AVa9jj8=</latexit>

FT SAM

<latexit sha1_base64="sbyqbxqZgp8LN+W9pcl3W18xgxY=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0XoxpIUfCwrunBTqGgf0oYymdy0QyeTMDMRSuhXuHGhiFs/x51/47TNQlsPXDiccy/33uPFnClt299WbmV1bX0jv1nY2t7Z3SvuH7RUlEgKTRrxSHY8ooAzAU3NNIdOLIGEHoe2N7qe+u0nkIpF4kGPY3BDMhAsYJRoIz3eX9VP6+BXb/rFkl2xZ8DLxMlICWVo9ItfPT+iSQhCU06U6jp2rN2USM0oh0mhlyiICR2RAXQNFSQE5aazgyf4xCg+DiJpSmg8U39PpCRUahx6pjMkeqgWvan4n9dNdHDppkzEiQZB54uChGMd4en32GcSqOZjQwiVzNyK6ZBIQrXJqGBCcBZfXiatasU5r5zdVUu1chZHHh2hY1RGDrpANXSLGqiJKArRM3pFb5a0Xqx362PemrOymUP0B9bnD06dj1w=</latexit>

SAM-Med2D

<latexit sha1_base64="9S/Yhoim2BL6+hHLDKvXmez+wCA=">AAAB7XicbVDJSgNBEK1xjXGLevTSGIScwkzA5Rjw4jGiWSAZQk+nJ2nTy9DdI4Qh/+DFgyJe/R9v/o2dZA6a+KDg8V4VVfWihDNjff/bW1vf2NzaLuwUd/f2Dw5LR8cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWye17rFIOO2Xyn7VnwOtkiAnZcjR6Je+egNFUkGlJRwb0w38xIYZ1pYRTqfFXmpogskYD2nXUYkFNWE2v3aKzp0yQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQEUXQrD88ipp1arBZfXirlauV/I4CnAKZ1CBAK6gDrfQgCYQeIRneIU3T3kv3rv3sWhd8/KZE/gD7/MHhimPBg==</latexit>

Sample

<latexit sha1_base64="lO++2GmgNLGyTX1akbI9dCeOZOc=">AAACAXicbVDJSgNBEO2JWxy3US+Cl8YgxEuYCbgcA168GSEbJCH0dGqSJj0L3TViGOLFX/HiQRGv/oU3/8ZJMgdNfFDweK+KqnpuJIVG2/42ciura+sb+U1za3tnd8/aP2joMFYc6jyUoWq5TIMUAdRRoIRWpID5roSmO7qe+s17UFqEQQ3HEXR9NgiEJzjDVOpZRx2EB3S9pDbmQ6DF21jps4lpmj2rYJfsGegycTJSIBmqPeur0w957EOAXDKt244dYTdhCgWXMDE7sYaI8REbQDulAfNBd5PZBxN6mip96oUqrQDpTP09kTBf67Hvpp0+w6Fe9Kbif147Ru+qm4ggihECPl/kxZJiSKdx0L5QwFGOU8K4EumtlA+ZYhzT0KYhOIsvL5NGueRclM7vyoVKMYsjT47JCSkSh1ySCrkhVVInnDySZ/JK3own48V4Nz7mrTkjmzkkf2B8/gCjy5Wf</latexit>

Tyche (Ours)

<latexit sha1_base64="JVxLDqt90mbUiQJZWQ6WaU7PXOc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvQjWWm4GNZaBcWXFSxD2iHkkkzbWjmQXJHKEPBX3HjQhG3foc7/8ZMOwttPXDhcM69yb3HjQRXYFnfxsrq2vrGZm4rv72zu7dvHhy2VBhLypo0FKHsuEQxwQPWBA6CdSLJiO8K1nbH1dRvPzKpeBg8wCRijk+GAfc4JaClvnl8W69Vz+u1+zquEdAPQV6jbxaskjUDXiZ2RgooQ6NvfvUGIY19FgAVRKmubUXgJEQCp4JN871YsYjQMRmyrqYB8Zlyktn6U3ymlQH2QqkrADxTf08kxFdq4ru60ycwUoteKv7ndWPwrp2EB1EMLKDzj7xYYAhxmgUecMkoiIkmhEqud8V0RCShoBNLQ7AXT14mrXLJvixd3JULlWIWRw6doFNURDa6QhV0gxqoiShK0DN6RW/Gk/FivBsf89YVI5s5Qn9gfP4AF3yS6g==</latexit>

LIDC-IDRI Dataset

<latexit sha1_base64="Qg9KdPQ11TU0mAIpHzPMl1qcQiI=">AAAB73icbVDLTgJBEOzFF+IL9ehlIjHhItnlgB5JvOgNI68ENmR26IUJsw9nZk02hJ/w4kFjvPo73vwbB9iDgpV0UqnqTneXFwuutG1/W7mNza3tnfxuYW//4PCoeHzSVlEiGbZYJCLZ9ahCwUNsaa4FdmOJNPAEdrzJzdzvPKFUPAqbOo3RDego5D5nVBup20zZGC/vHgbFkl2xFyDrxMlICTI0BsWv/jBiSYChZoIq1XPsWLtTKjVnAmeFfqIwpmxCR9gzNKQBKne6uHdGLowyJH4kTYWaLNTfE1MaKJUGnukMqB6rVW8u/uf1Eu1fu1MexonGkC0X+YkgOiLz58mQS2RapIZQJrm5lbAxlZRpE1HBhOCsvrxO2tWKU6vU7qulejmLIw9ncA5lcOAK6nALDWgBAwHP8Apv1qP1Yr1bH8vWnJXNnMIfWJ8/bMWPfw==</latexit>

Tyche-IS

<latexit sha1_base64="VhpCbPSY4/PEvtYE5mhSSDm2LEU=">AAAB73icbVBNS8NAEJ34WetX1aOXYBF6sSQ9VI8FLx4r9gvaUDbbSbt0s4m7GyGE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDPPjzlT2nG+rY3Nre2d3cJecf/g8Oi4dHLaUVEiKbZpxCPZ84lCzgS2NdMce7FEEvocu/70du53n1AqFomWTmP0QjIWLGCUaCP1Wimd4FXrYVgqO1VnAXuduDkpQ47msPQ1GEU0CVFoyolSfdeJtZcRqRnlOCsOEoUxoVMyxr6hgoSovGxx78y+NMrIDiJpSmh7of6eyEioVBr6pjMkeqJWvbn4n9dPdHDjZUzEiUZBl4uChNs6sufP2yMmkWqeGkKoZOZWm06IJFSbiIomBHf15XXSqVXderV+Xys3KnkcBTiHC6iAC9fQgDtoQhsocHiGV3izHq0X6936WLZuWPnMGfyB9fkDfXyPig==</latexit>

Tyche-TS

Figure 43. Example Prediction for LIDC-IDRI.
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Dataset Name Description # of Scans Image Modalities
ACDC [14] Left and right ventricular endocardium 99 cine-MRI
AMOS [54] Abdominal organ segmentation 240 CT, MRI
BBBC003 [83] Mouse embryos 15 Microscopy
BBBC038 [20] Nuclei images 670 Microscopy
BUID [2] Breast tumors 647 Ultrasound
BrainDev. [37, 38,
72, 114]

Adult and Neonatal Brain Atlases 53 multi-modal MRI

BRATS [7, 8, 93] Brain tumors 6,096 multi-modal MRI
BTCV [75] Abdominal Organs 30 CT
BUS [136] Breast tumor 163 Ultrasound
CAMUS [77] Four-chamber and Apical two-chamber heart 500 Ultrasound
CDemris [56] Human Left Atrial Wall 60 CMR
CHAOS [58, 60] Abdominal organs (liver, kidneys, spleen) 40 CT, T2-weighted

MRI
CheXplanation [110] Chest X-Ray observations 170 X-Ray
CT-ORG[106] Abdominal organ segmentation (overlap with LiTS) 140 CT
DRIVE [122] Blood vessels in retinal images 20 Optical camera
EOphtha [27] Eye Microaneurysms and Diabetic Retinopathy 102 Optical camera
FeTA [102] Fetal brain structures 80 Fetal MRI
FetoPlac [10] Placenta vessel 6 Fetoscopic optical

camera
HMC-QU [28, 65] 4-chamber (A4C) and apical 2-chamber (A2C) left

wall
292 Ultrasound

HipXRay [40] Ilium and femur 140 X-Ray
I2CVB [78] Prostate (peripheral zone, central gland) 19 T2-weighted MRI
IDRID [103] Diabetic Retinopathy 54 Optical camera
ISLES [43] Ischemic stroke lesion 180 multi-modal MRI
KiTS [42] Kidney and kidney tumor 210 CT
LGGFlair [18, 91] TCIA lower-grade glioma brain tumor 110 MRI
LiTS [16] Liver Tumor 131 CT
LUNA [115] Lungs 888 CT
MCIC [36] Multi-site Brain regions of Schizophrenic patients 390 T1-weighted MRI
MSD [118] Collection of 10 Medical Segmentation Datasets 3,225 CT, multi-modal

MRI
NCI-ISBI [17] Prostate 30 T2-weighted MRI
OASIS [46, 88] Brain anatomy 414 T1-weighted MRI
OCTA500 [79] Retinal vascular 500 OCT/OCTA
PanDental [1] Mandible and Teeth 215 X-Ray
PAXRay [112] Thoracic organs 880 X-Ray
PROMISE12 [82] Prostate 37 T2-weighted MRI
PPMI [89] Brain regions of Parkinson patients 1,130 T1-weighted MRI
ROSE [86] Retinal vessel 117 OCT/OCTA
SCD [104] Sunnybrook Cardiac Multi-Dataset Collection 100 cine-MRI
SegTHOR [74] Thoracic organs (heart, trachea, esophagus) 40 CT
SpineWeb [138] Vertebrae 15 T2-weighted MRI
ToothSeg [50] Individual teeth 598 X-Ray
WBC [139] White blood cell and nucleus 400 Microscopy
WMH [71] White matter hyper-intensities 60 multi-modal MRI
WORD [85] Organ segmentation 120 CT

Table 10. Collection of datasets in MegaMedical 2.0. The entry number of scans is the number of unique (subject, modality) pairs for
each dataset.
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Dataset Name Description # of Scans Image Modalities
LIDC-IDRI [4] Lung Nodules 1018 CT
QUBIQ [92] Brain, kidney, pancreas and prostate 209 MRI T1, Multimodal

MRI, CT
STARE [47] Blood vessels in retinal images 20 Optical camera

Table 11. Multi-Annotator Data. The entry number of scans is the number of unique (subject, modality) pairs for each dataset.
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