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Trivial Reasoning Trajectory

Question: <image> The person in the image is
performing which of the following activities? 0:
brush_hair, 1: cartwheel, 2: catch, *****
Response: First output the thinking process in
<think> </think> tags and then output the final
answer in <answer> </answer> tags. Output the
final answer in JSON format.
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TABLE 1
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Setting Value
Batch size per device 8
Data_seed 4
Gradient accumulation steps 2
Training steps 20
Learning rate 5x 1075
Temperature 1.0
Maximum response length 2048
Responses per GRPO step 16
KL coefficient 0.04
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