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INTRODUCTION METHOD ANALYSIS

Black-box nature of neural networks: While We frame the problem as a search for the LTL formula that The Search Algorithm Our method successtully recovered the underlying
learning-based methods have advanced robot decision- produces a policy most similar to the target policy (¢ay). We employ a greedy local-search algorithm to navigate objectives of the target policies.

making and control, their lack of interpretability raises the space of possible LTL explanations.
concerns for safety-critical applications like
autonomous vehicles.

Explanation Structure Ground-Truth Recovery: In the CtF, Parking, and

We define explanations as LTL formulas with a specific Fritial explanation Robot Navigation environments, where the target
structure, capturing both a goal and a safety constraint: ¢ = F($r) AG(d6) Final explanation policy was trained on a known LTL formula, our search

Need for explainability: Formal methods, such as b = F(dp) AG(dr). successfully identified the: exact ground-truth
Linear Temporal Logic (LTL), offer a structured way F ¢ formula as the best explanation.
to interpret robot policies by prioritizing constraints * F(¢r): "Eventually, achieve some task ¢p. Generate neighbors Plausible Explanations: For the Robot Navigation

based on importance. * G(¢dg): “Globally, always satisfy some safety constraint ¢..” Extend & evaluate up t0 N task with a non-LTL target policy, our method found a

» ¢ and ¢ are logical combinations of user-defined atomic child neighbors reasonable explanation: "Eventually, the robot reaches

Limitations of existing approaches redicates (e.e.. distance to goal < 1) — ; e . i ro ot reacte
Existing approaches typically learn from a fixed set of P 5 —0-35 ‘ Synthesize an automaton the goal or does not nit the vase. Globally, the robot does

example trajectories. This makes them highly dependent Evaluation Metric: Weighted KL Divergence ‘: B no(l;l et;llte{‘ a hafiarcic. tT}éishcaPtures both the primary goal
on the provided data and unable to access the policy's How do we measure similarity? We compare the policies' action (%) Evaluate explanations Anc e Ieatfed SaieLy DERavior.

inte.:rnal. logic, such a(s1 its preference or certainty for distributions (7(a|s)) in key states. n Nexp (‘f/) Ablation Study: Removing any key component of our
es . . .
actions in unobserved states. - Utility Score (U?): We calculate the weighted Kullback- _ method (the search extension heuristics or the wKL

. . . ‘ . Optimize RL policies for the ohti ) d th h to fail £ . th
Contribution Leibler (WKL) divergence between distributions of the FSPA return WeIghting) caused the Search to 1all, CONHIMINE the
importance of each part of the algorithm.

 Introduce a novel method that overcomes these target policy and a candidate policy: l
limitations by assuming direct access to the target Choose replicate with the All neighbors
policy itself. Y 5 > U® = — Z wg Dgp, (1 (- |8) Il Tear (- |S))- highest utility evaluated?

* Automatically find an explanation in the form of a
Linear Temporal Logic (LTL) formula.

S
Weightil.lg (ws): The We?ghts emphasiz.e states where the S Caloulate weighted KL CONCLUSIONS
target policy is most certain about its action, as these are the e + divergence

Key Idea most informative states for understanding its intent. e We have developed a robust method for generating LTL
Compare the action distributions of the target policy Benefit: This avoids trivial "catch-all" explanations (e.g., L S explanations of RL policies by comparing action
with policies explicitly optimized for candidate LTL “eventually do anything”) that might be satisfied by v distributions. This approach provides deeper insight into

formulas, allowing for a more nuanced evaluation trajectories but do not capture the policy's specific logic. Fig 1. Overview of our proposed search algorithm. an agent's learned behavior than existing methods.
that captures the agent's underlying intent.

Limitations & Future Directions:

Scalability: The search is computationally intensive.
Future work could explore neural network

Expe rimental Setu o] RESULTS representations of LTL to improve efficiency.

Predicate Definition: The method currently requires
Table I. CtF & Parking Results. user-defined predicates. Automating predicate discovery
Target policies were successfully found in Searches 1 & 2 (CtF) and 1, 2, & 3 (Parking). is a key next step.

We tested our method in three distinct simulated
environments.

. Border Regin Blue Agent
Target Policy Goals N 7 = CtF explanations wKL div. [-] 1Sear1ched Parking explanations wKL div. [-] 1Sear:ched
specs [%] specs [%]

CtE ; Capt}lre the red flag Obstacle ¥ i FWbart A —Vrant) AC(—Pbara V Poabt) 200 < 10-38 313 F(Wg) A G(—to A —tw) 000 375 @nto natural. 1.anguage would further improve
while avoidng the red F(¥ba.ct A Pra bf) A G(~Pba.ra V Yba,bt) 800 x 10—8 10.2 F(1hg) A G(—o A ) 0.00 209 interpretability.
agent° F(_'?]Dba,bt) /\ g((_'wba,,ra, A 1/)ba,,rf) \% (_'zvbra,,bf)) 1.46 X 10_7 6.56 F(Q/)g) A g(_"‘:bﬂ A ﬁ'l/)*'ﬂi-") 0.00 37.5
F(ba,rt) A G((mUba,bt A Prabf) V (¥bara)) 742 x 1077 8.44 F (o) A G(—1pg V —ihy) 4.61 x 10~4 44.8
-F(_'r‘pba,bt N\ _'wra,bf) A g((_'r‘,bba,rf) \% (_'fd)ba,ra)) 1.57 X 10_2 6.56 (’&D) A g(_'ng Vv _'d)w) 4.61 X 10_i 33.3
F((~%rabt) V $bar)) AG(~Ybara V Poapt) 595 % 10 9.06 E%) ACIS Y o) B2l oS I )02 ACKNOWLEDGEMENTS
(

Natural Language: Translating the final LTL formula

Parking: Park in a
designated spot while
avoiding walls and -
another car.

F(¢ba,ra) A g((_"‘rbba,bt) Vv (_'qzbba,,rf A _'Q,bra,,bf)) 1.18 x 10~° 8.59 o N ’QDW) A\ g(—npg) 7.35 X 10_4 28.1
F((¥ba,ra) A (m¥ba,rf)) A G((¥ba,bt) V (Prape)) 1.18 x 107° 11.4 o Ay ) A G(—pg) T7.35 x 1074  27.1
((wra,bf) \% (_'szba,bt)) A g((_'wba,ra.) v (¢ba,rf)) 1.62 x 107> 7.19 - -
F((~¥ba,ra) V (—%ra b)) AG(Yba,bt) V (Ybarf)) 8.52 % 107° 6.56 i ]
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Robot Nav.: Navigate to a
goal while avoiding
hazards. Fig 2. Capture-the-Flag (CtF)

—
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Table II. Robot Navigation Results for LTL (left) & Non-LTL (right) Target Policies.

Search | Robot explanations wKL div. [-] Search;d Robot explanations wKL div. [-] Search(;d
I ‘ ‘ ‘ ‘ Hazards specs [%] specs [%]

N F(¥g1) A G(—nz A "tys) 0.00 21.8 F (g1 V "Pvs) A G(—%hz) 3.0501 x 10— 4 39.6

F(g1) A G(—Pnz A —bys) 0.00 30.2 F(—g1) A G(—ny V —bys)  3.0504 x 10~4 29.2

F(1hg1) A G(—¥nz A us) 0.00 26.0 F(—thg1) A G(—thp, V —thys)  3.0504 x 10~4 27.1

F(¥g1) A G(—%nz A ~thys) 0.00 29.2 F(—ta1) A G(=thn, V —tbys)  3.0504 x 104 27.1 .

F (¢§1) A G(—nz A ~hys) 0.00 21.9 J—“(ﬂ,bil) AG(—thn, V —bes)  3.0504 x 10~4 29.2 Paper (IEEE L-CSS) GitHub
F(g1) A G(—nz A —hvs) 0.00 24.0 F(—tpg1) A G(—tbp, V —bys)  3.0504 x 10—4 33.3

(
F(—thvs) N G(hg1 V —hpy)  2.64 x 1077 25.0 F (g1 V Uhy) A G(—1hys) 3.0508 x 104 29.2
F(—hys) N g(wil V b)) 2.64 x 1074 27.1 J—‘(e,bil V Yhg) A G(—ys ) 3.0508 x 104 21.9 E I L LI N O I S
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Fig 3. Adversarial Parking Fig 4. Robot Navigation
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