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Evaluation Datasets and Model Behavior under Progressive Environmental Complexity

Dataset Environment Type  Noise Intensity Overall Observation Implication
A Baseline Scenario Low All methods maintain Serves as the
strong performance reference condition
B Intermediate Scenario Moderate Performance Task becomes more
differences begin to sensitive to
appear across methods | environmental change
C Advanced Scenario High Robustness outweighs Methods with
raw inference ability | stronger adaptability
tend to outperform
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Thank you for listening
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