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Abstract

Existing learning-based solutions to medical image seg-
mentation have two important shortcomings. First, for most
new segmentation tasks, 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 framework that uses a context
set to generate stochastic predictions for previously unseen
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 architecture that en-
ables interactions among predictions. (2) We introduce in-
context test-time augmentation, a new mechanism to pro-
vide prediction stochasticity. When combined with appro-
priate model design and loss functions, Tyche can predict
a set of plausible diverse segmentation candidates for new
or unseen medical images and segmentation tasks with-
out the need to retrain. The Tyche code is available at:
https://tyche.csail.mit.edu/.

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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Target

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
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images, variation in the task definition, or human raters’ in-
terpretations and downstream goals [13, 57]. Failure to take
this ambiguity into account can affect downstream analysis,
diagnosis, and treatment.

Recent work tackles these issues separately. In-context
learning (ICL) methods generalize to unseen medical image
segmentation tasks, employing an input context or prompt
to guide inference [20, 130, 131]. 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 [12, 69, 97]. 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 ICL med-
ical 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 ICL 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 combina-
tion with a trained ICL model leads to competitive segmen-
tation candidates.

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

tion for ICL. 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 straight-
away with an existing ICL model.

• For Tyche-TS, we introduce a new mechanism, SetBlock,
to encourage diverse segmentation candidates. Tyche-TS
is simpler than existing stochastic methods, predicting 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
variants of Tyche produce solutions that outperform exist-
ing in-context and interactive segmentation benchmarks,

and can match the performance of specialized stochastic
networks trained on specific datasets.

2. Related Work
Biomedical segmentation is a widely-studied problem, with
recent methods dominated by UNet-like architectures [7,
53, 109]. 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 [27]
and guide downstream tasks. Uncertainty is often catego-
rized into aleatoric, uncertainty in the data, and epistemic,
uncertainty in the model [30, 63]. 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 [47, 54, 64, 78], or use
contour strategies and difference loss functions to predict
the largest and smallest plausible segmentations [75, 135].
These strategies however do not capture the correlations
across pixels. To address this, some methods generate mul-
tiple plausible label maps given an image [12, 69, 70, 97,
133]. To achieve this, one can directly model pixel cor-
relations, such as through a multivariate Gaussian distri-
bution (with low rank) covariance [97], or more complex
distributions [16]. Alternatively, various frameworks com-
bine potentially hierarchical representations for UNet-like
architectures with variational auto-encoders [12, 69, 70].
More recently, diffusion models have been used for ensem-
bling [133] or to produce stochastic segmentations [107,
136]. Some methods explicitly model the different anno-
tators to capture ambiguity [50, 102, 113, 126]. 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
ICL strategy to predict segmentation candidates.

In-context Learning. Few-Shot frameworks use a small
set of examples to generalize to new tasks [32, 82, 100,
103, 115, 119, 137], sometimes by fine-tuning an existing
pretrained model [33, 101, 122, 127]. In-context learning
segmentation methods (ICL) use a small set of examples
directly as input to infer label maps for a task [10, 20, 65,
131]. This enables them to generalize to new tasks. For ex-
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et

B
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<latexit sha1_base64="tGGF8oDsrSUjJm3nRYadSnX0w3E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVZKC2mXRjcuK9gFtKJPpTTt08mDmRlpCf8WNC0Xc+iPu/BsnbRbaemDgcM493DvHiwVXaNvfRmFjc2t7p7hb2ts/ODwyj8ttFSWSQYtFIpJdjyoQPIQWchTQjSXQwBPQ8Sa3md95Aql4FD7iLAY3oKOQ+5xR1NLALPcRpjqXPgDeiIhN5qWBWbGr9gLWOnFyUiE5mgPzqz+MWBJAiExQpXqOHaObUomcCZiX+omCmLIJHUFP05AGoNx0cfvcOtfK0PIjqV+I1kL9nUhpoNQs8PRkQHGsVr1M/M/rJejX3ZSHcYIQsuUiPxEWRlZWhDXkEhiKmSaUSa5vtdiYSspQ15WV4Kx+eZ20a1Xnqnp5X6s06nkdRXJKzsgFccg1aZA70iQtwsiUPJNX8mbMjRfj3fhYjhaMPHNC/sD4/AEbe5R0</latexit> S
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="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>

Conv3

, -* -+-,
, -* , -, , -+

,′ -*- -+--,- ...

...

Conv1

...

...

...

<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.

ample, UniverSeg uses an enhanced UNet-based architec-
ture to generalize to medical image segmentation tasks un-
seen during training [20]. We build on these ideas to enable
segmentation 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 [35, 66, 118, 121], robustness [26], and es-
timates of uncertainty [6, 92]. Test-time augmentation has
been applied to diverse anatomies and modalities including
brain MRI and retinal fundus [4, 6, 51, 55, 99, 129]. Prior
work has formalized the variance of a model’s predictions
over a set of input transformations as capturing aleatoric un-
certainty [6, 128, 129].

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 ICL setting and uses the individual TTA predictions
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)}N

j=1 be a dataset with
images xt and label maps yt. Typical segmentation mod-
els learn a different function ŷt = g✓t(xt) with parameters
✓t 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:

ŷt
k = f✓(x

t, zk, St). (1)

This function, with global parameters ✓, captures a distri-
bution of label maps {ŷt

k}K
k=1, given target xt, context set

St = {xt
j , y

t
j}S

j=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 f✓(·)
in Tyche-TS, or design a test-time strategy to approximate
f✓(·) using an existing (pretrained) deterministic ICL net-
work in Tyche-IS.

3.1. Tyche-TS
In Tyche-TS, we explicitly train a neural network for f✓(·)
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 [109].

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}K

i=1,
with the context representations V = {vi}S

i=1, illustrated in
Figure 4. We use the CrossBlock [20] as a building block
for this new layer. The CrossBlock(u, V ) ! (u0, V 0) com-
pares an image representation u to a context set representa-
tion V through convolutional and averaging operations, and
outputs a new image representation u0 and a new set repre-
sentation V 0 (Figure 3). SetBlock(U, V ) ! (U 0, V 0) builds
on CrossBlock and performs a set to set interaction of the
entries of U and V :

ū = 1/m
Pm

i=1ui (2)
ū0, V 0 = CrossBlock(ū, V ) (3)

u0
i = Convm (ui||ū0) , i = 1, . . . , K (4)

u0
i = Convu (u0

i) , i = 1, . . . , K (5)
v0

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(✓; T ) = Et2T
⇥
E(xt,yt

r),St

⇥
Lseg

�
{ŷk}, yt

r

�⇤⇤
, (7)

with
Lseg({ŷk}, yt

r) = min
k

LDice

�
yk, y

t
r

�
, (8)

where yt
r is a segmentation from rater r, and LDice is

a weighted sum of soft Dice loss [96] and binary cross-
entropy. By only back-propagating through the best pre-
diction among K candidates, the network is encouraged to
produce diverse solutions [23, 43, 68, 83].

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 [20], as described in B.2.

We add synthetic multi-annotator data by modelling an
image as the average of four blobs representing four raters
(Figure 8). Each blob is white disk bi deformed by a random

smoothed deformation field �i. The synthetic image is a
noisy weighted sum of raters:

P4
i=1 wi(bi � �i) 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) de-
terministic ICL segmentation system ŷt = h✓(xt, St). We
then introduce a test-time in-context augmentation strategy
to provide stochastic predictions:

ŷt
k = f✓(x

t, zk, St) (9)

= h✓(aug(xt, zk, St)), (10)

with x̃t, S̃t = aug(xt, zk, St), an augmentation function.

3.2.1 Augmentation Strategy

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

x̃k = a�(x, zk), (11)

where � 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

X

k

gt(x̃k), (12)

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

TTA) as another mechanism to generate diverse stochastic
predictions.

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

(x̃i
t, yt

i) = (a�(xt
i), y

t) (13)

S̃t = {a�(xt
j), y

t
j}S

j=1. (14)

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

ŷk = f✓(x̃i
t, zk, S̃t) (15)

We only apply intensity based transforms, to avoid the need
to invert the predicted segmentations back. We apply Gaus-
sian noise, blurring and pixel intensity inversion. We detail
the specific augmentations in B.3.
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Tyche Predictions

Figure 5. Visualization of predictions for three different samples, 1 per row. Left: LIDC-IDRI. Right: Hippocampus dataset. 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.

4. Experimental Setup
4.1. Data
We use a large collection of biomedical and synthetic
datasets. Most datasets include a single manual segmenta-
tion per 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. We find minimal difference
between early stopping and training until convergence.

For each use case, we sample the context from each
dataset’s corresponding development set. Hence, the net-
work doesn’t see any of the O.D. datasets at training time.

Single-Annotator Data. For single annotator data, we

build on MegaMedical used in recent publications [20, 134]
and employ a collection of 73 public datasets, covering dif-
ferent biomedical domains [1, 3, 8, 15, 17, 18, 20, 22, 25,
36–38, 41, 42, 44, 45, 52, 56, 58, 59, 61, 71, 73, 74, 76,
77, 79–81, 84–91, 93, 98, 105, 106, 108, 112, 114, 117,
120, 123, 124, 138, 140–142]. MegaMedical spans a vari-
ety of anatomies and modalities, including brain MRI, car-
diac ultrasound, thoracic CT and dental X-ray. We also
use synthetic data involving simulated shapes, intensities,
and image artifacts [20, 46]. The single-annotator datasets
used for out-of-domain (O.D.) testing are: PanDental [1],
WBC [142], SCD [106], ACDC [15], and SpineWeb [141].

Multi-Annotator Data. For multi-annotator I.D. data, we
use four datasets from QUBIQ [94]: 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
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hippocampus [69] to focus on the areas where the raters
disagree. The second is a publicly available lung nodule
dataset, LIDC-IDRI [5]. This dataset is notable for the
substantial inter-rater variability. It contains 1,018 thoracic
CT scans, each annotated by 4 annotators from a pool of
12 annotators. Finally, we also use retinal fundus images,
STARE [49], annotated by 2 raters, and prostate data from
the MICCAI 2021 QUBIQ challenge [94], 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) [14, 111,
125]. 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 [12, 69, 97, 107, 136]. GED has limitations, such as
rewarding excessive prediction diversity [107]. Let Y and
Ŷ be the set of annotations, GED is defined as:

D2
GED(Y, Ŷ) = 2E [d(p, p̂)]�E

⇥
d(p, p0)

⇤
�E

⇥
d(p̂, p̂0)

⇤
, (16)

where p, p0 ⇠ Y , p̂, p̂0 ⇠ Ŷ and d(·, ·) is a distance metric.
We use Dice score [31] as the distance metric.

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,
SENet [110], and two in-context learning (ICL) methods,
UniverSeg [20] and SegGPT [131]. We train UniverSeg
and SENet with the same data splits and the same sets of
augmentation transforms as for Tyche. For SegGPT, we use
the public model, trained on a mix of natural and medical
images. Figure 11 in the Supplemental Material shows that
UniverSeg trained with additional data outperforms its pub-
lic version.

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

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

Stochastic Upper Bounds. We compare to task-specialized
probabilistic methods that are trained-on and perform well
on specific datasets. We independently train Probabilistic
UNet [69], PhiSeg[12] and CIDM, a recent diffusion net-
work [107], on each of the 20 held-out tasks. For each task,
we train three model variants: no augmentation, weak aug-
mentation, and as much augmentation as for the Tyche tar-
gets. For each benchmark variant, we train on a O.D. de-
velopment 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 models are trained,
tuned and evaluated on the O.D. datasets splits, something
we explicitly 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 [68] and SAM-Med2D [24].
These methods can provide multiple segmentations, but, un-
like Tyche, require human interaction, which is outside the
scope of our work. SAM has a functionality to segment all
elements in an image, however it is not optimized for med-
ical imaging. We assume that the SAM-based models have
access to the same information as the ICL methods: several
image-segmentation pairs as context to guide the segmen-
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. With SAM-Med2D, we use a
bounding box, and 5 positive and negative clicks as input.
For both SAM and SAM-Med2D, we generate 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-
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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 95% confidence intervals.

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 size of 16, be-
cause existing ICL systems show minimal improvements
beyond this size [20]. Because there is variability in perfor-
mance depending on the context sampled, we sample 5 dif-
ferent contexts 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 best candidate
Dice score, with p < 10�10. We find no statistical differ-
ence between the two methods in terms of GED.

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

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 differ-
ent parameter choices.

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 19 shows
that for Tyche-TS, the best candidate Dice score rises with
the number of predictions, but with diminishing returns.

Influence of context size kSk. Figure 21 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 8 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
averaged across tasks.

Table 8 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 context in-
cluding the non-augmented context (CS+): (S, G(S)). Ta-
ble 8 shows that adding noise to only one of the target and
context yields sub-optimal performance, while augmenting
both the target and context improves performances.

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 4 shows
that Tyche is significantly faster and smaller than SegGPT
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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 ICL 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 ICL methods and a number of predictions set to 8.
Higher is better. Tyche outperforms interactive and ICL baselines, and matches stochastic upper bounds.

Inference Time (ms) Parameters
UniverSeg 96.62 ± 0.61 1.2M
SegGPT 2,857.19 ± 4.38 370M
SENet 14.91 ± 0.21 0.89M
FT-SAM 1,036.75 ± 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 4. Inference Runtime and Model Parameters for 8 pre-
dictions and a context size of 16.

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 datasets un-
seen at training and outperforms in-context and interactive
benchmarks. In addition, Tyche often matches stochastic
models on tasks for which those models have been specif-
ically trained. Tyche has two variants, one designed to op-
timize 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 uncer-
tainty captured by Tyche-TS and Tyche-IS.
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[76] Zoé Lambert, Caroline Petitjean, Bernard Dubray, and Su
Kuan. Segthor: segmentation of thoracic organs at risk in ct
images. In 2020 Tenth International Conference on Image
Processing Theory, Tools and Applications (IPTA), pages
1–6. IEEE, 2020. 5, 18

[77] Bennett Landman, Zhoubing Xu, J Igelsias, Martin Styner,
T Langerak, and Arno Klein. Miccai multi-atlas la-
beling beyond the cranial vault–workshop and challenge.
In Proc. MICCAI Multi-Atlas Labeling Beyond Cranial
Vault—Workshop Challenge, page 12, 2015. 5, 18

[78] Agostina Larrazabal, Cesar Martinez, Jose Dolz, and Enzo
Ferrante. Maximum entropy on erroneous predictions
(meep): Improving model calibration for medical image
segmentation. arXiv preprint arXiv:2112.12218, 2021. 2

[79] Sarah Leclerc, Erik Smistad, Joao Pedrosa, Andreas Østvik,
Frederic Cervenansky, Florian Espinosa, Torvald Espeland,
Erik Andreas Rye Berg, Pierre-Marc Jodoin, Thomas Gre-
nier, et al. Deep learning for segmentation using an open
large-scale dataset in 2d echocardiography. IEEE transac-
tions on medical imaging, 38(9):2198–2210, 2019. 5, 18

[80] Guillaume Lemaı̂tre, Robert Martı́, Jordi Freixenet, Joan C
Vilanova, Paul M Walker, and Fabrice Meriaudeau.
Computer-aided detection and diagnosis for prostate cancer
based on mono and multi-parametric mri: a review. Com-
puters in biology and medicine, 60:8–31, 2015. 18

[81] Mingchao Li, Yuhan Zhang, Zexuan Ji, Keren Xie, Songtao
Yuan, Qinghuai Liu, and Qiang Chen. Ipn-v2 and octa-500:
Methodology and dataset for retinal image segmentation.
arXiv preprint arXiv:2012.07261, 2020. 5, 18

[82] Yiwen Li, Yunguan Fu, Iani Gayo, Qianye Yang, Zhe Min,
Shaheer Saeed, Wen Yan, Yipei Wang, J Alison Noble,
Mark Emberton, et al. Prototypical few-shot segmentation
for cross-institution male pelvic structures with spatial reg-
istration. arXiv preprint arXiv:2209.05160, 2022. 2

[83] Zhuwen Li, Qifeng Chen, and Vladlen Koltun. Interactive
image segmentation with latent diversity. In Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 577–585, 2018. 4

[84] Geert Litjens, Robert Toth, Wendy van de Ven, Caroline
Hoeks, Sjoerd Kerkstra, Bram van Ginneken, Graham Vin-
cent, Gwenael Guillard, Neil Birbeck, Jindang Zhang, et al.
Evaluation of prostate segmentation algorithms for mri: the
promise12 challenge. Medical image analysis, 18(2):359–
373, 2014. 5, 18

[85] Vebjorn Ljosa, Katherine L Sokolnicki, and Anne E Car-
penter. Annotated high-throughput microscopy image sets
for validation. Nature methods, 9(7):637–637, 2012. 18
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