Transfer Your Safety: Learning Transferable Model-Free Safety Filters from a Single Policy to Enhance Safety Across Diverse Tasks
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B Experiments \

* Different tasks share the same safety requirements in similar environments Perception-based CBF Learning
. N // We pretrained a LiDAR-based navigation policy and collected LiDAR data together with camera
%\’//\ Targeri oth require. | . data unused by the original policy from randomly initialized environments, then trained a CBF
@ ." © based on both LiDAR and camera observations.
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Navigation Target Tracking

QGiven a task-specific policy, can we learn the knowledge of safety and transfer it to other tasks?b
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e . DT el < —_ ° | (robot facing right, up, left, and down, respectively).
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T oAl ReplayBufer 1 owbuser cors | Cross-task Safety Enhancement & Self-improvement
Initial Policy . " L
. Lo Data Collecti 1 (e.g., LiDAR- -based) . . . .
(e.g., LiDAR-only Navigation) ata collection e V's'°; e We derive a model-free safety filter based on the LiDAR-camera-based CBF and apply it to two
______________ ! Bellman 1 o o o . . . .
s a N ! IEquation ! obstacle-unaware task policies (cruising and tracking), as well as the pretrained navigation
@qom | %\_/*\V’g“i EnhanceSafety ' prodeifree | policy used for data collection. Results show significant safety improvements across tasks, while
@ comera| | @ & Q@ \  Safety Constraint | also enhancing the safety of the original navigation policy.
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R[){ZD; ez;gzze:nzl;:;":;;jrs Other Policies Model-free Safety Filter Safety filters g Tnpnts Min.  Max.  Average
i (e.g., Target Tracking) y W /o safety filters - 735 202 87
Baseline Single-frame 403 924 539
The overall pipeline is as follows: Sogetams w2 w0 e
* Collect data from an initial policy and learn a perception-based et Me 8
Control Barrier Function (CBF) using predefined binary rewards. Tracking
Min. distance Max. distance Average  Number of collisions
* Derive model-free action CBF constraints from the Bellman T ey 0 0 270 0
equation W|thogt predicting futl.Jre observations. N Navigation
* Use the constraints as a safety filter to correct policies for other Tital  Filtered
tasks in similar environments. isi . __— Success rate 13/20(65%) _17/20(85%)
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