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Background

- Reinforcement learning (RL) models
struggle with long-horizon tasks: ones
where there are multiple goals the agent
must reach in a predetermined order.

- Specification-guided RL' uses language
such as Linear Temporal Reasoning (e.g.
LTL) to specity the goals and constraints of
a task. For example, Equation 1:
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correlates to “Do not (!) touch B until (U)

you reach A and then (&) do not touch B

until you reach C.” A valid path, therefore,
could look like:
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Figure 1: lllustration of the long-horizon task in Equation 1

- Search and Rescue (SAR) environments
offer realistic long-horizon tasks.

- Benchmark environment(s) to evaluate
specification-guided RL models exist®, but
not for SAR applications.

Method: Environment

Key Features:

- Agent: What the model is controlling. The
model controls the forward/backward
movement and rotation of the agent.

- Border: A box around the environment so
the agent cannot leave the bounds. The
episode terminates if an agent hits the
border.

- Surface casualties (SC): Goals agent
can detect with lidar or vision unless an
object occludes it (e.g. other agents,
buildings, walls, etc.).

- Entrapped casualties (EC): Another
goal that cannot be seen by lidar or vision
unless the agent enters a building and an
entrapped casualty is in that building.

- Buildings: An object that is globally
visible by lidar and vision; i.e. the agent can
always see buildings.

- Walls: Objects that obstruct the agent’s
vision/lidar and terminate the episode if
contacted.

- Specifications: Evaluation uses user-
specified arbitrary specifications.

- Once all casualties are rescued (surface
and entrapped), the episode ends
prematurely. If the episode times out, the
episode truncates.

Variations:

- Multi-Agent: The environment supports variations
of tasks with more than one agent.

- Complexity Scaling: We created three
environments with increasing task difficulty:
e | evel 0: One surface and entrapped casualty per
agent.
e Level 1: Same as Level 0, but with ten walls
scattered throughout the environment.
e Level 2: Same as Level 1, but with two surface
and entrapped casualties per agent.

- Configurability: Users can create custom SAR
environments with adjustable settings.

Figure 2: Screenshots of Levels 0 (left) and 1 (right) SAR tasks with two agents.

Evaluated Model Categories

- Unconstrained (PPO°): Only tries to maximize

reward (i.e. casualties rescued) and does not
consider costs from collisions with the border or
Interior walls.

- Constrained (PPO Lagrangian®): Tries to

maximize reward and minimize cost (max-min
optimization) using a penalty coefficient A.

- Specification-guided (GenZ-LTL®): Trains on

individual subgoals (e.g. reach any entrapped
casualty); evaluation uses LTL.

Training
- We trained the models on Levels 0 and 1 of the

SAR environments.

- Training was done in single-agent setting.

Evaluation

- We evaluated using the specification “Avoid all SC
and walls until all EC are rescued, then avoid all

walls until all SC are rescued.”

- Evaluation was done in multi-agent (N=2) variation
with time out after 2500 timesteps.

PPO PPO-Lagrangian GenZ-LTL
Ns T Ny | il Ns T Ny | I s T Ny | il
Level 0 0.070=0.102 0.34+031 1157.83+181.63 0.272+0.139 0.16+0.06 905.78 +72.78  0.778 +0.045 0.09 +0.07 805.24 +54.03
Level 1 0.004 =0.005 0.39 030 631.00 +8.49 0.008 £0.013 0.62+0.14 1714.35+77025 0.144 £0.063 0.85+0.07 766.49 +77.00

Table 1: Evaluation result metrics. Symbols explained below. Bold represents best for that level.

Metrics

- For all metrics, (1) indicates a higher value is

better, while (1) indicates the inverse.

- Success Rate (ns) is the ratio of episodes where all

casualties were rescued.

- Violation Rate (n,) is the ratio of episodes where

agent violated specification.

- Success Episode Length () is the average length

of successful episodes.

Visualization

- Pictured to the 5
right are samples ]

of successful and -
violated runs from ‘ 3
GenZ-LTL |2, /

- Indecision: When Ny T
presented with two
bui|dings equidistant Figure 3: Trajectories of successful run
from one another i
the agent struggles

to choose.

- Competition: Since
policies run
independently, agents
do not coordinate,
which can result in
avoidable failures.

Figure 4: Trajectories of failed run

Conclusion

- GenZ-LTL significantly outperforms
traditional models in both environments,
though all models struggle in Level 1.

- GenZ-LTL had higher successful mean
episode length than PPO.

- GenZ-LTL has lower violation rate on
Level O but highest on Level 1.

- Violation rate and mean episode success
length are likely skewed due to highly
infrequent successful episodes.
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