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How to extract more robust representations from
these examples has always been one of the goals of in-
context visual learning.
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Simulated real-world degradation support examples (Our robustness
simulation tests).
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Real-world applications present challenges due to the variability
of support examples, which often exhibit quality issues resulting
from various sources and inaccurate labeling. Existing in-context
segmentation methods will experience significant performance
degradation when encountering such samples.

We propose a probabilistic uncertainty module to model
input data distributions, further using uncertainty-guided
optimization strategies to enhance feature reliability.
We introduce part prototypes  to effectively extract knowledge
from reference examples by aggregating local semantics.
UNICL-SAM performs superior performance on traditional
benchmarks and shows good generalization capabilities on
conducted robustness simulation tests.

Overview of UNICL-SAM. With the fine-grained features, UNICL-SAM performs uncertainty quantification to model the input
distribution and produce the estimated uncertainty map. The corresponding uncertainty-guided graph augmentation and
feature refinement stages tend to learn robust graph representations by mitigating the impact of high uncertainty areas.
Further, UNICL-SAM conducts part prototype discovery to get the part prototypes with the other three kinds of in-context
instructions. Finally, the in-context instructions are fed into the query prompt generator to get the in-context prompt for guiding
the mask decoder to predict segmentation results.

Our proposed uncertainty Gaussian graph network
(UGGN) maps the foreground graph representation
to a high-dimensional Gaussian distribution and
obtains the uncertainty estimate map through
parameter resampling and quantization.

Uncertainty Quantification

Through systematic classification of nodes within
the uncertainty-optimized foreground graph
representation, each node is assigned to its
corresponding cluster category. Then we obtain
the part prototypes by averaging the node
features in the same cluster.

Part Prototype Discovery
Visualization of uncertainty maps.

Main results & Ablation studies

Robustness comparison with advanced in-context segmentation generalists

Visualization of intermediate outputs

Visualization of cluster masks.

Qualitative results and analysis

Comparison with state-of-the-art specialist and generalist
models on few-shot semantic segmentation benchmarks.

Ablation of proposed components.

Ablation of uncertainty-guided optimization
strategies.

Detailed visualization of the network’s
intermediate outputs, including pseudo masks,
uncertainty maps, and clustered masks.

Qualitative results on robustness tests.  UNICL-
SAM demonstrates strong robustness across
diverse degradation scenarios.


