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ABSTRACT

Reinforcement learning (RL) excels at optimizing policies for nar-
rowly defined tasks, but it often struggles with safety and gen-
eralization in complex environments. Designing a single reward
function to encode both goals and safety constraints can lead to
unsafe behavior, as agents may exploit poorly shaped rewards. Sim-
ilarly, standard RL agents tend to overfit to specific tasks, lacking
the ability to reuse skills for new goals without retraining. In this
work, we propose SAFE-ComP, a hierarchical RL framework that
addresses both challenges by integrating formally defined goals and
compositional skill reuse. Our approach first trains generic prim-
itive policies for fundamental skills under safety-aware rewards.
These skills are then composed at a higher level to satisfy arbitrary
task specifications expressed in linear temporal logic (LTL). In par-
ticular, given a new task (e.g. “achieve goal a while avoiding region
b, then go to ¢”), we translate the corresponding LTL formula into
a deterministic finite automaton (DFA) and plan a safe policy by
combining the learned primitives according to the DFA structure.
This logical composition ensures that safety rules are never vio-
lated and enables zero-shot generalization to an extensive variety
of novel task combinations, without additional training.
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1 INTRODUCTION

Reinforcement learning (RL) [33] has achieved impressive successes
in domains such as robotics [13, 14, 24], resource management [28],
and games [27, 29]. An RL agent learns by interacting with an envi-
ronment to maximize the expected cumulative reward. In practice,
however, standard RL methods face two key limitations when tasks
become more complex or safety-critical. First, agents optimized
solely for reward may learn unsafe policies that violate important
constraints (e.g., collisions or resource exhaustion) if those con-
straints are not adequately reflected in the reward function. This is
a well-known issue: designing a reward that perfectly balances task
achievement and safety is often infeasible. As a result, policies may
exploit reward loopholes and lead to dangerous behavior [4, 34].
Second, conventional RL agents generalize poorly — a policy trained
for one specific goal usually cannot handle even slight variations
of that task. The agent must be retrained for each new objective,
indicating a lack of skill reuse or transfer. In contrast, an intelli-
gent agent should leverage prior skills to adapt to new tasks with
minimal additional learning [40].
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A key challenge for safety is that complex tasks often involve
multiple objectives and constraints, possibly logical in nature (e.g.
reach-avoid goals like “avoid region a until goal b is reached”). A
single static reward signal cannot easily capture such conditional or
temporal requirements [18]. Hand-tuning scalar penalties for each
constraint quickly becomes intractable without a principled way to
encode the task’s logical structure [25]. Recent work in safe RL has
therefore turned to formal methods — for example, by specifying
safety conditions in temporal logic [15] and using automata-based
monitors or shields to prevent unsafe actions [2, 6]. Linear Tempo-
ral Logic (LTL), in particular, provides a rigorous way to express
safety requirements and objectives over time. By leveraging LTL,
we can impose constraints (like “never enter unsafe zone a”) and
complex goals (“eventually reach b after collecting ¢”) in a precise,
unambiguous manner. This motivates the use of logical specifica-
tions to guide the learning process, ensuring safety is maintained
by design rather than by trial-and-error reward tuning.

Another limitation of standard RL is the narrow task specificity
oflearned policies [11, 40]. If an agent learns to “pick up object d and
take it to location e”, it won’t automatically solve “pick up object f
and take it to g, despite the similarity. There is a growing realization
that compositionality is key to generalization in RL [5, 19, 20, 30, 35,
38]. Humans solve novel tasks by composing familiar skills, e.g., a
delivery robot that can independently “navigate to a” and “pick up b”
should handle “go to a, pick up b” without retraining. In RL research,
this insight has led to methods for task composition, where simpler
policies or value functions are combined to tackle more complex
objectives. Two forms of composition are particularly useful: (1)
Boolean composition [30], where tasks are combined with the logical
operators AND, OR, NOT - for instance, accomplishing task a and
task b concurrently — and (2) Temporal composition [19, 38], where
tasks are executed in sequence (first a then b). Incorporating these
forms of composition enables an agent to generalize across a wide
range of task specifications defined over a common set of skills.

Contributions. In this paper, we introduce SAFE-ComP, a unified
framework for safe and generalizable reinforcement learning via
policy composition. Our approach leverages formal logic to en-
force safety constraints and uses hierarchical policy composition
to generalize across tasks. The main contributions of our work are
summarized as follows:

o Safe Hierarchical RL Framework: We propose a two-
level RL framework that separates skill learning from task
composition. At the lower level, the agent learns a set of
atomic skills (policies for basic tasks like reaching a region
or picking up an object) with safety-aware training. At the
higher level, a logical planner composes these skills to satisfy
complex task specifications expressed in LTL.

e Dual Policy Composition: To guarantee-safety—pursue
safety with best effort, without sacrificing performance, we



introduce a dual-policy mechanism. For each skill, the agent
learns (i) a reward-maximizing policy (optimized for effi-
ciency) and (ii) a safety-focused policy (which strictly satis-
fies all constraints, e.g., by taking detours around hazards).
Our framework then composes these policies by dynamically
switching to the safe policy only when necessary.

e Generalizable Skill Composition: SAFE-ComP enables
zero-shot generalization to new tasks through Boolean and
sequential composition of skills. Given any high-level task
defined by an LTL formula (e.g., a combination of sub-goals
and safety conditions), we automatically construct a cor-
responding DFA that captures the task’s logical structure.
Using this DFA as a guide, our agent performs a graph search
(in our case, a Dijkstra-based planning) over skill policies
to find a sequence that satisfies the task, with no further
learning required.

e Experiment evaluation: Popular 2D-Navigation simula-
tion experiments and a simple 3D extension are used to eval-
uate Safe-Comp, where the agents are trained to accomplish
a number of tasks containing individual or LTL-combined
reach-avoid instructions. The performance is benchmarked
on successfully reaching the targets, never touching forbid-
den regions, and selecting the best sequence of sub-tasks to
minimize cost (overall path length or time taken).

2 BACKGROUND

Reinforcement Learning (RL) environments are typically modelled
as Markov Decision Processes (MDPs). Formally, an MDP is a tuple
M = (S,A,P,R,y), where S is a finite set of states; A is a finite set
of actions; P+S%A—-5P : S X A XS — [0,1] is a deterministic
transition function ; R : S X A — R is a reward function; and y is
the discount factor. !

An RL agent seeks to maximize the expected discounted cumu-
lative reward, V™ (s) = E.[X 2y y'R(st,a;) | so = s], also called
the value function, by following some policy = : S — A(A), where
A(A) denote the set of distributions on actions.

The Q-function denotes the expected discounted cumulative re-
ward (under policy ), from state s taking action a,

Q”(S, a) = E]r

Z Y R(st,ar)lso = s,a0 = a}
=0

Optimal policies (a solution to RL) can be derived by iterative
applications of the Bellman optimality equation,

Q*(s,a) =By [R(s, a) +ymaxQ*(s',a’)

The fixed point of the Bellman optimality equation, Q* (s, a), de-
notes the optimal expected discounted cumulative reward from state
s, taking action a. Typically, Q-learning algorithms iteratively ap-
proximate Q* (s, a), from experience. Deep Q-Networks (DQN) [29],
for example, extend this idea to high-dimensional state spaces. Im-
portantly, because Q-values decompose action utility across states

!Determinism is assumed for clarity and to enable exact graph-based planning in
Section 3.4. In stochastic settings, Safe-Comp can be extended with expected-cost edge
weights and risk-aware planning; see the discussion under Application scope.

and tasks, they provide a natural foundation for compositional rea-
soning: primitive Q-functions can be combined to build policies for
novel tasks.

3 SAFE-COMP: SAFETY-AWARE
COMPOSITIONALITY

We introduce SAFE-CoMmp, a framework for safe and generalizable re-
inforcement learning that combines goal-oriented Q-learning, dual-
policy training, and logical task composition using temporal logic.
Safe-Comp enables agents to learn a set of safety-aware skills once,
and to generalize compositionally to an extensive class of tasks
specified in a temporal logic language we call Reach-Avoid-LTL
(RALTL). First we detail the scope of our proposed framework.

Application scope. RL allows for a wide range of applications,
depending on how the environment is modelled, our approach,
Sare-Comp, is applicable when the following conditions hold:

e Agents can be trained in a simulator — thus enabling random
exploration without actually causing any practical danger.

o Generalization to new tasks requires the environment to be
static, i.e., it remains unchanged from training to deploy-
ment.

o The transition dynamics are deterministic. The optimal se-
quence of actions of achieving a specific sub-goal must be
fixed and used by Dijkstra’s algorithm during path planning,
otherwise high-level optimality might not be achievable.

o All predicates p € AP can be expressed in terms of regions
in the environment, regardless of the number of physical or
logical dimensions of the environment.

Strengths. These assumptions yield convenient guarantees: ex-
act skill learning per label, closed-form Boolean composition, and
sound DFA planning. Restrictiveness. Determinism and static la-
belling can be strong in real-world settings; in practice, one can
relax them using expected edge costs, robust margins on regions,
or chance constraints, at the expense of exact optimality.

Section overview. We first introduce RALTL (syntax and finite-
trace semantics) in Section 3.1, including the sequential-then op-
erator T. We then describe learning atomic tasks and composing
Boolean goals in Section 3.2 and Section 3.3. Finally, Section 3.4
explains how LTLf-to-DFA translation and graph search yield high-
level plans over composed skills.

3.1 Reach-Avoid Linear-time Temporal Logic

To express tasks formally, we introduce the Reach-Avoid-LTL (RALTL)
language, a fragment of LTL, interpreted on finite traces, tailored
for reinforcement learning.

Syntax. A well-formed RALTL formula over a finite set AP of
atomic propositions can be constructed with the following gram-
mar:

r Tlpl-rlrar
¢ rUr|=¢ ¢ AP X$|pUP | $T¢

where p € AP is an atomic predicate (a labelled region, e.g., “goal”,
“obstacle”); r is a boolean combination of atoms. An atomic task rUr’
specifies reach-avoid behaviour: eventually reach region r* while



staying in region r (“condition” r and “goal” r’). An RALTL formula
¢ is built from atomic tasks using Boolean and temporal operators:
conjunction (A), negation (=), sequencing (T), next (X) and until
(U). In addition, the common temporal operators “eventually” (F)
and “always” (G), can be derived in the usual way: Fg = TU¢ and
G = ~F-¢ respectively.

Semantics. In this paper, we consider finite trace semantics for
RALTL [10]. Let 7 = sps1 ... S, be a finite word over 247 and let
(1,1) |= ¢ denote satisfaction at position i > 0, and |7| < oo denote
the length of the trace.

We assume a labelling function L : § — 24F that intuitively
assigns to every state s € S, set L(s) € AP of atoms true in s. The
semantics for RALTL is then defined as follows:

(i) T

(zi)Fp  iff peL(z(i))

(r,i) F—-r iff (zi)|Er

(r,i) ErAr’ iff (r,i) Erand (z,i) =1

(r,i) = rUr” iff there exists j > i such that (z,i) |=r’

and for all &H5)—(=H)-=+k € [i,j): (t,k) |=r

(i) Enp i (5i)

(i) Fg A iff (r.i) F¢and(r,i) =g’

(r,i) FX¢ iff |z]>iand (7,i+1) ¢

(r,i) E ¢ U ¢’ iff there exists j > i such that (z,i) |= ¢’

and for all ki —rrh-=pk € [i.): (1K) [ ¢

(r,i) F ¢ T¢" iff there exists j > i such that (z,j) |= ¢’
and there exists k € [i,j): (z,k) |=¢

RALTL is a task-oriented fragment of LTLf. In particular, RALTL
restricts the syntax of LTL, where atoms are region formulas and
atomic tasks have the structured form rUr’, directly matching reach-
avoid skills learned by the agent. Still, RALTL is suitable to express
a wealth of temporal properties, like reachability and (bounded)
safety.

Furthermore, since RALTL is a fragment of LTLf, satisfaction
is over finite traces and formulas compile to deterministic finite
automata (DFA) with accepting terminal states [21]. In contrast, stan-
dard LTL over infinite traces typically compiles to (non)deterministic
Biichi automata with liveness acceptance (infinitely often). This
finite-trace/DFA setting aligns well with episodic RL: the DFA acts
as a runtime monitor of task progress, with each trajectory prefix

eorresponds-corresponding to an automaton state, and acceptance

corresponding to completed tasks.

Example. Let AP = {0, S, S,, S3} denote an obstacle region O
and three goal regions. Consider

¢ = G=0 A (((FS1) Vv (FSp)) T (FS3))

Intuitively: always avoid O; then reach either S; or S, at least once
before eventually reaching Ss;. Under the finite-trace semantics
above, (1,i) |= ¢ iff every position up to acceptance satisfies =0,
there exists a j with (7, j) |= (FS3), and there exists some k < j with
(r,k) |= (FS1) V (FS;). When compiled to a DFA, the disjunction is
placed in DNF and becomes two alternative outgoing edges (choose
Si-first or S,-first), after which the automaton requires completion
of (FSs); any visit to O leads to a rejecting sink. The edge policies
for (FSy), (FS;), and (FSs) are obtained from the learned atomic
reachers, while the choice between S; or S, is resolved by the

planner using their composed Q-values (Section 3.3) and the DFA
search (Section 3.4).

3.2 Algorithms for Safety-aware Policies

Algorithm 1 Safe Q-Learning with Policy Composition Overview

1: Phase 1 & 2: Direct and Safe Q-value functions - Q(s, a, g)
2: for each iteration do
3. for each sub-goal g do

4 repeat

5 Select optimal action from Q(s, a, g) or Qsafe (s, @, g).
6: Compute sub-goal g reward or penalty.

7 Update Q(s, a, g) or Qsqare (s, a, ).

8 until reaching g

9

10: Phase 3: Policy Composition - Q(s, a,g) — Q(s, a)

11: Disjunction: Q(s, @, Vie[1,n]9i) = MaXie[1,n]Q(S, a, gi)

12: Conjunction: Q(s, a, /\ie[l,n]gi) = Zie[l,n] (s, a,91)

13: Negation: Q(s, a, g;) = maXzic[1,n] Q(5,a, g;)

14: Replacement: Qgirect (S, a) <= Qsafe (s, a) for s in goal-partition

16: Phase 4: Safe Policy Replacement (shielding)
17: Compute composed Qgirect (S, @) and Qgqre (s, a)
18: Record processed

19: Initialize Qshield (s’ a) — Qdirect(s’ a)

20: for each unprocessed state s do

21:  Initialize empty visited states set

22:  repeat

23: Select and take optimal action according to Qspierq

24: if reaching a state that is: (1) out of the safety condition
region OR (2) visited but not processed (to prevent loops)
then

25: Replace Qspiela With Qgqre and re-select action

26:  until reaching the goal or any processed state
27 Add the whole trajectory to processed states

To learn policies for getting to environment-labelled regions, we
train extended Q-functions Q(s, a, g). This is split into two phases:
Phase 1 learns direct/efficient reach-avoid primitives; Phase 2 learns
safe/constraint-satisfying reach-avoid primitives. This setup explic-
itly considers both optimality and safety as critical components.
Once the primitives have been learnt we can generalize to Boolean
combinations without additional training (zero-shot) (c.f., Section
3.3) and temporal (sequential) combinations (c.f., Section 3.4).

Inspired by [30], we use goal-oriented Q-learning which uses
extended Q-functions Q(s, a, g) to represent policies. In SAFE-ComP
we train two complementary phases (direct and safe), summarized
as follows:

Direct Policy (Phase 1). We randomly initialize the agent at dif-
ferent starting states and iteratively update the Q-function Q(s, a, g)
encoding the value of reaching sub-goal g from state s by action a.
A positive reward is given after reaching a terminal state p labelled
with the current sub-goal g (i.e., p € L(g)). No rewards or penalties
for any other states. Consequently, the arg max policy derived from
Q(s, a, g) takes the agent directly (without considering avoidance
of other regions) from state s to goal state g.



Safe Policy (Phase 2). In parallel the agent will learn an ad-
ditional extended Q-function Qgufe (s, a,g). Again we randomly
initialize the agent, but the goal is now to reach label g while either
staying in or avoiding all other labelled regions, depending on the
starting state. Again, a positive reward is provided upon reach-
ing label g, and a penalty for breaking the above constraint. This
dual-policy design ensures that every sub-goal has both an opti-
mal and a safety-guaranteed policyavailable, if individual training

stage found existing.

3.3 Boolean Task Composition

For the Boolean composition of tasks and policies, we assume the
same environment structure with a fixed state space, with tasks
only differing in their goal conditions [30, 35]. Suppose an agent
learns Q-functions for a set of primitive tasks (e.g., “reach goal A”,
“reach goal B”). Often these functions can be composed to form
new tasks without retraining. For example, to achieve “A or B”
(disjunction), one can take the maximum value across primitives:
Qavp = max(Qa(s,a), Qp(s, a)).

For more complex compositions, e.g., conjunction, one could take
an average over the constituent primitives-hewever,. However, this
may result in a suboptimal composition [13] if the two objectives
do not have a significant overlap in Q-function space, this-gap-a
gap that can in fact be quantified [16]. Rather, [30] proposed the
extended Q-functions Q : SX G X A — R, where g € G is a goal
state, and G C S is the goal space. Q(s, g, a) encodes the value of
taking action a in state s with the intention to reach g. If the agent
terminates at a goal belonging to a different primitive, it receives
the worst possible penalty ryin. This ensures the agent learns values
for all goals simultaneously rather than only the closest one.

For task composition in SAFE-Comp, similarly, we use extended
Q-functions Q(s, a, g) (indexed by sub-goals g) reducing them into a
regular Q-function Q(s, a) for a Boolean combination of sub-goals.
The Boolean expressions are normalized into disjunctive normal
form (DNF); thus, the semantics of such Boolean expressions are
Disjunctions of Conjunctions of labelled regions (or their negation),
where Negation is only applied to individual sub-goals.

Conjunction (AND):. If the task requires reaching g; A g, then
the associated region is the intersection of the two sub-goal regions.
In Q-function space, we aggregate Q-values by summation over the
sub-goal dimension:

Q(s,a,g1 ANga A ...gn) = Z

9€191.92.---9n]

Q(s. a,9),

This captures the need to satisfy both/all sub-goals eventually.

Disjunction (OR):. For g1 V g,, the associated region is the union
of sub-goals. The composed Q-value is obtained by maximization
over the corresponding sub-goal indices:

O(s,a,91 Vga V ...gn) = max 0(s,a,9)
9€[91.92,---.9n]

This ensures that whichever goal offers the best outcome is priori-
tized, yielding an efficient disjunctive behaviour.

Negation (NOT):. Negation, i.e., =g corresponds to the comple-
ment of a sub-goal: i.e., all other sub-goals. In Q-space, this is derived

from baseline tasks by taking the maximum of the complement set:

0(s,a,~g;) = max 'Q(s, a,g;)
Jjel1,2,..,n],j#i
Importantly, DNF normalization ensures nested negations are
eliminated, bypassing the unsupported induction step due to the
limitation of the goal-oriented design in finding negated composed
goals. For conjunction and disjunction, conversely, the induction
step can be performed normally on the resulting Q functions.

Replacement. After obtaining a reduced policy for both direct
and safe Q-values, an additional step is required: for states within
all sub-goals connected to the composed region (goal-partition),
values from the direct Q-function are overwritten with those from
the safe Q-function, ensuring safety consistency.

Through this process, Boolean task composition systematically
reduces label-based formulas to standard Q-functions executable
as policies (via arg max). Algorithm 1 (Lines 10-15) summarizes
the construction for disjunction, conjunction, negation, and the
replacement step.

Safe Policy Replacement/Shielding (Phase 4). While Boolean
composition yields correct logical behaviour, policies composed
solely from direct Q-values may violate safety constraints, and
those based only on safe Q-values are often overly conservative. To
balance these objectives, SAFE-CoMmp introduces a trajectory-based
shielding mechanism (Algorithm 1, Lines 16-27).

The combined policy is first set to Qgirecs- At each step following
the starting state, we evaluate whether the next action under Qgjrect
would lead to a violation (by querying the environment to see if
the reaching state is outside the safety condition). Upon detecting
a violation, the action is rejected and control switches to Q.. to
guarantee-adherenee-to-adhere to learned safety constraints. Once
the trajectory re-enters a safe regime, control restores to Qgjrec:. T0
avoid infinite loops or repeated checks, the algorithm maintains sets
of processed and visited states, ensuring convergence of the replace-
ment procedure. This mechanism ensures that the combined policy
is safe whenever Qg, . itself is safe and valid (free of dead ends
or loops). In practice, we expect the resulting trajectories achieve
higher efficiency than Qg,f., since they retain Qgjrec; whenever no
risk is present.

3.4 Task Combination with LTLf and DFA

Once policies are obtained for individual Atomic Tasks, Safe-Comp
constructs a Deterministic Finite Automaton (DFA) to capture com-
plex tasks specified in Linear Temporal Logic on Finite Traces
(LTLf/RALTL). The DFA provides a structured execution plan, where
each automaton state represents task progress, and transitions are
labelled by Boolean combinations of atomic tasks. The overall pol-
icy for the higher-level task is then derived by planning over this
DFA.

Formula to DFA via MONA Representation. The translation from
an LTLf formula ¢ into a DFA A, follows the approach of Fug-
gitti [12], with extensions to handle the Then operator and bounded
temporal constructs. The first step is conversion into the MONA rep-
resentation [41], a logical encoding suitable for automata construc-
tion. MONA expresses each sub-formula recursively: new proposi-
tional variables are introduced for sub-goals, temporal bounds are



Figure 1: DFA for the sequential combination of two tasks.

explicitly declared, and truth values are propagated stepwise. The
result is a machine-readable format that preserves the semantics of
@ over finite traces.

Transition Matrix in DNF.. From the MONA representation, a
ternary truth table is generated, where entries are {1, 0, X} denoting
True, False, or Unrelated, respectively. Rows correspond to possible
state transitions, while columns capture the truth values of atomic
tasks. These truth values are grouped into Boolean expressions
in disjunctive normal form (DNF), ensuring that each transition
condition is expressed as a disjunction of conjunctions of literals.
The DNF representation is crucial: it guarantees that every non-
deterministic choice in the task specification (disjunction) is made
explicit as separate edges in the DFA.

Example. For the formula task; T task,, the transition matrix is
given in Table 1. This construction yields three DFA states: the ini-
tial state, an intermediate progress state, and an accepting state. The
transition conditions in DNF clarify exactly which task completions
advance the automaton.

Table 1: The transition matrix for ¢ =r; T r;

Transition | ry |
1—1 0| X State 1 2 3
1—-2 1 X 1 —ry r -
2—2 X110 2 - —ry | 1
253 X |1 3 - - T
3—3 X | X

The matrix is then used to to create the DFA, which is illustrated
in Figure 1.

Policies for DFA Edges. As discussed in the DFA task construction,
which uses DNF for transition conditions, each edge is now labelled
by a Conjunction of original or negated atomic tasks («). To execute
an edge, Safe-Comp computes a policy for that DNF formula:

o Negated Atomic Tasks: If @ = cUg, then enforcing avoid-
ance of g, i.e., G(—g) is a sufficient condition for the negated
atomic task —a.

e Conjunctive Atomic Tasks: For (¢1Ug;) A (c2Ugs), the
agent must remain in ¢; N ¢, and reach g; and g; in any order.
This is decomposed into a sequence of atomic subtasks:

ar = (c1 Acx)Ugy,  az := (1 A ca)UG,.

The DFA edge policy is then obtained by computing the
shortest permutation of subtask completions. This reduces to
a variant of the travelling salesman problem (TSP), solvable
efficiently by dynamic programming with bit-masking [23].
The result ensures correctness while controlling complexity.

Figure 2: A comparison of direct (L) and safe (R) policy for
the Atomic Task (=S; Until S;).)

High-Level Path Planning. Once edge policies are defined, the
DFA is transformed into a weighted graph where nodes are pairs
(g, s) of DFA state g and environment state s. Edge costs are given
by the expected path length (or value) of the composed Q-function
for the edge’s formula. The global policy is then computed via
Dijkstra’s algorithm:
min Z cost(Qe).

lf(p = ar
r€Paths(Ay) =

This yields a safe and efficient execution trace that respects the
task formula ¢. Notably, edge policies are computed on demand,
reducing computational overhead for large DFAs, similar to lazy
evaluation in SPECTRL [20].

Summary. SAFE-Comp leverages LTL{-to-DFA translation to re-
duce high-level task specifications into structured sequences of
Boolean and atomic sub-goals. By combining safe Q-learning with
edge policies for Boolean formulas and global DFA search, the
agent can solve arbitrarily complex tasks compositionally, while

4 EXPERIMENTAL EVALUATION

In this section we evaluate the SAFE-ComP approach experimentally.
To do so, we consider discrete 2D tabular reach-avoid environments,
as well as an extension to a 3D environments. As evaluation metrics
we analyse policy validity, safety compliance, optimality (trajec-
tory length), and generalizability (number of tasks achievable with
upfront training).

4.1 Evaluating Atomic Tasks

A popular reach-avoid environment used by many research is 9-
Rooms, as shown in Figure 12, 2 and 3, where some rooms connected
to the adjacent ones via a narrow passage. Atomic tasks involve
travelling from the bottom left room to some marked sub-goals
while avoiding others, with Moving Up, Down, Left, and Right as
allowed actions.

The Atomic Task being tested is "Reach Ss (top right) ensuring
S1 (top left) is avoided: =S; US3". In Figure 2 and 3, a color-arrow
Q-value matrix is visualized for direct, safe, and combined policies.
Arrow direction indicates the best action at each state, and the
color represents the relative magnitude of Q values (red higher,
blue lower).

Figure 2 shows the Direct policy takes the shortest path towards
the goal (top right), but may violate the safety constraint that re-
quired S; (top left) to be avoided. On the other hand, Safe policy



Figure 3: Combined Direct and Safe policy for the Atomic
Task —S1 Until S3 and a trajectory of policy rollout.

o 4%
% ® pee™

Figure 4: 3D reach-avoid experiment trajectory: Reach the
right sub-goal while avoiding the middle one, both spanning
arange on the 3rd dimension

avoids all other sub-goals until S5 reached - safe and valid, but result
in the agent taking an unnecessary detour around O (left room),
hence less optimal.

Next, safety policy replacement (shielding) mitigates both ex-
tremes and results in a much more reasonable policy. Figure 3 shows
the combined policy, the unnecessary detour around O is corrected,
and the safety requirement is still satisfied. Starting from coordi-
nate (17,2), the ground truth shortest solution takes 25 steps, and
the combined policy takes 28 steps. In comparison, the safe policy
would need 30 steps.

4.2 Atomic Task in 3D

An additional dimension is added to the environment, which can
represent not just physical space, but also logical concepts like
resource availability (battery or fuel), load (number of passengers),
etc.

Fig. 4 shows a trajectory computer for a simple reach-avoid
atomic task, where the trajectory successfully avoids the middle
region (passing the region above the forbidden range) until reaching
the goal in the accepted range.

4.3 Evaluating Boolean Composition

Another experiment is to test Boolean composition in a custom
environment with 3 overlapping sub-goals. Fig 5). The first figure
for conjunction, and the second for disjunction. As shown, policy
arrows for the conjunction task eventually lead to the "AND" com-
position of 2 sub-goal regions, and those for the disjunction task
lead to the whichever of two sub-goal is closer in general.
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Figure 6: Trajectory of 9-room DFA complex task planning

~t0 & ~tl & ~t2
tl & ~t0

Figure 7: DFA graph of formula G(—t0) A ((¢1V t2) T t3)

4.4 Evaluating DFA and Path Finding

The following set of experiments is for LTLf task construction and
DFA optimal path finding, where task specifications can include
complex logic like global safety conditions, sequential composition,
non-deterministic choice (complete any accepting sub-task), and
conjunction (complete multiple sub-tasks in any order).

Experiment 1- 9-room. The first test requires the agent to perform
the following sub-tasks in order (same as in SPECTRL [19]):

Step Sub-Task Logic
1 Start from bottom left room -
2 Always avoid region O global restriction
3 Reach either S; or S, non-deterministic choice
4 Then reach S; sequential composition

SPECTRL formula expresses the task as:
achieve((reach(Sy) or reach(S;)); reach(Ss) ensuring (avoid(O))
Equivalently in RALTL, the formula is
G(=t0) A ((t1V 2) T t3)

where 4 Atomic Tasks are constructed: (ty := F(O), t; := F(S),
ty := F(Ss), t3 := F(S3)).

Fig. 7 shows the DFA drawn from the formula, indicating that
globally dangerous paths (o, reaching O) always rejected, and both
viable Atomic Tasks (#; - via S; and t; - via S;) supported as non-
deterministic choices, though one shorter than another.
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Figure 8: Office grid 2D navigation task 1 - picking up coffee,
mail, and delivering to the office without hitting obstacles.
Left: blue path is optimal. Right: Actual result
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Figure 9: Office grid 2D navigation task 2 - Delivering a coffee
and a mail to the office (in any order), avoiding obstacles

Next, Dijkstra shortest path planning successfully selected t;,
the shorter path, instead of t,, as shown in the trajectories, leading
to a significantly less number of steps (37 steps; Otherwise, the
agent will waste at least another 20 steps in travelling to S, and
returning to the starting room).

Experiment 2 - office grid. , taken from [18], as shown in Fig.8).
The grid contains 12 rooms, some connected to another via a pas-
sage. There are coffee, mail, obstacles, and office (O) labels in this
environment. Multiple tasks can be solved by the agent. Task 1: de-
liver one of the 2 coffee to the office, without hitting into obstacles
(™ shape). All Atomic Tasks needed for the DFA are - t0: F(O); t1:
F(cof feey); t2: F(cof feey); t3: F(mail); t4: F(obstacle); The tasks
specification formula is then defined as:

G(=ty) A((t1 V1) T to) (1)

This task, similarly, involves a non-deterministic choice for mov-
ing to either coffee locations. Result in Fig. 8 shows that the agent
successfully determines the shorter of the 2 valid paths to complete
the task while avoiding all obstacles.

Task 2: deliver a coffee and a mail to the office in any order.
Atomic Tasks remain the same, but the complete task specification
can be written as follows:

G(=ty)) A((1 V) T ) A (13T ty) (2)

The formula clearly involves task conjunction, allowing "coffee
to office" and "mail to office” completed in either order, or simul-
taneously. The resulting trajectory (for each step) is shown in 9,
which indicates the optimal task order is determined successfully.

Experiment 3 - Minecraft task generalization. This test is to fur-
ther demonstrate the range of tasks achievable with our RALTL

71: make planks I, 72: make sticks 1

bi:getwood K1 it bi:getwood > [l

b2: use workbench mn bs: use toolshed 3

e | [ L
b_l—a; i

Figure 10: Example of Minecraft grid task composition ex-
periments, used in [18] as a test

0 =

# Task Temporal Logic Formula

1 | make plank Gw T Uts

2 | make stick Gw T Uwb

3 | make cloth Gg T Uf

4 | make rope Gg T Uts

5 | make bridge (Gi T Uf) & (Gw T Uf)

6 make bed (Gw T Uts) & (Gg T Uwb)

7 make axe (Gw T Uwb) & (Gi T Uts)

8 | make shears (Gw T Uwb) & (Gi T Uwb)
9 get gold ((Gi T Uf) & (Gw T Uf)) T Ub
10 get gem ((Gw T Uwb) & (Gi T Uts)) T Ua

specifications. Task and environment settings are defined in a dis-
crete 2D grid, analogous to office grid, where components like "Get
wood/Gw", "Get iron/Gi", "Get grass/Gg", "Use toolshed/Uts", "Use
workbench/Uwb", and "Use bridge/Ub", etc., are Atomic Task for
reaching a labelled position. Resulting DFA and trajectories are also
very similar to office grid settings.

4.5 Discussion of Limitations

1. Safety shielding greedy optimality. Traversing the environment
with the purpose of combining Direct and Safe policy models, the
agent switches to safe behaviour only at the immediate step of
predicted violation. This greedy approach may possibly result in
suboptimal detours, and more optimal solution could be obtained
by formulating the replacement step as a modified Bellman update,
anticipating violations earlier in the trajectory and incorporating
them into value propagation. This remains a promising direction
for future research.

2. Reach and avoid interfering regions - safety requirement. Dur-
ing the initial dual policy learning stage, Safe policy is learned by
keeping the agent exploring within area with no labels (external) or
area within one or more connected sub-goals (internal), analogous
to sea and islands respectively, where a particular sub-goal can be
an "island" itself or just part of the island. Therefore, the agent only
learns to find trajectories within the same "island" or from "sea"
directly to the sub-goal. When an atomic task requires avoiding



one part of the internal (a Boolean combination of sub-goals) until
reaching the other part, the "avoid" constraint is not learnt as they
belong to the same "island". In conclusion, the practitioners are sup-
posed to design the label assignments in a way that doesn’t hit this
limitation, for example as in the 9-rooms, Office grid, or Minecraft
experiments where "reach" and "avoid" regions are always disjoint
from each other, separated with externals, no matter what Boolean
composition is involved.

5 RELATED WORK

In this section we discuss the works most related to the present con-
tribution in safe reinforcement learning, RL with logical constraints,
and task policies composition.

Safe Reinforcement Learning. The Constrained Markov Decision
Process (CMDP) framework introduces constraints on agent be-
haviour (modelled as cost functions) alongside the reward [1, 3,
8, 26, 31, 34, 39]. Constrained Policy Optimization (CPO) [1] is a
policy search algorithm that provides guarantees of near-constraint
satisfaction at each iteration. Subsequent works have built on this
idea using Lagrange multiplier techniques and primal-dual updates
to balance reward and constraint satisfaction [31]. A key limita-
tion of the CMDP framework is that it only enforces (cumulative)
constraints in expectation. In contrast, shielding and runtime ver-
ification have emerged as practical solutions to enforce absolute
(probability 1) safety during policy execution [2, 6]. Shielding in-
volves an external module that monitors the agent’s chosen action
and overrides or “filters” any action that would lead to a forbid-
den state. Classical approaches to shielding work by synthesizing
shields from temporal specifications (often LTL-safety specifica-
tions) [2, 6]. These methods ensure safety by construction, and with
minimal impedance on the policy’s actions, although they demand
a hand-crafted safety abstraction of the environment dynamics,
often limiting shielding to small scale and simple scenarios.

RL with Logical Constraints. A substantial body of work inte-
grates logical specifications into RL to manage complex objectives
and constraints [9, 15, 25, 32, 36, 37]. One line of research uses
formal languages (such as LTL) to shape reward functions or re-
structure the learning process [9, 15, 25]. For example, Logically-
Constrained RL [15] converts an LTL specification into an automa-
ton and augments the reward signal based on the automaton’s
state, guiding the agent toward satisfying the formula by rewarding
progress toward accepting states. Similarly, [25] translate LTL or
signal temporal logic directly into rewards, so that fulfilling the
specification yields high reward, while violations incur penalty.

A closely related idea is the use of reward machines [17, 18];
extended Mealy machines that encode the reward logic and track
the agent’s progress through sub-tasks. By exposing the internal
structure of the reward (e.g., which sub-goal is currently needed),
reward machines allow the agent to learn more efficiently and
handle non-Markovian rewards that depend on event sequences.
More generally, [7] explores formal languages for reward specifica-
tion, showing that temporal logics and regular expressions can be
compiled into automata that structure RL objectives.

These approaches all exploit logical structure for better reward
design and credit assignment, but they typically remain limited to

shaping individual task rewards, rather than addressing large-scale
compositionality across tasks.

Compositional Task Policies. Policy composition seeks to gener-
alize across tasks by reusing learned behaviours. On key aspect is
Boolean task composition, where tasks are combined using logical
operators. For example, an agent that learned policies for task a and
b can solve the conjunction a A b by executing both policies appro-
priately [30]. Earlier work focused on linear composition of value
functions, where a weighted sum of known Q-functions yields a
new policy that balances objectives [35].

Another important aspect is sequential (temporal) composition
of tasks. In hierarchical RL, the notion of options [33] allows chain-
ing skills in sequence (e.g., complete option a, then option b). Build-
ing on this idea, recent neuro-symbolic RL approaches use logic
to guide skill sequencing [5, 19, 20, 22, 38]. SPECTRL [19] intro-
duced a high-level specification language that compiles logical
task formulas into a hierarchy of sub-policies. Its extension [20]
supports compositional specifications, combining multiple formu-
las that are satisfied by orchestrating different modules. Similarly,
[22] proposed a latent-goal agent using a simplified temporal logic
(SATTL) to activate pre-trained sub-policies based on current logi-
cal sub-goals. More recent work explores zero-shot generalization
for unseen logical tasks: for instance, [38] use implicit planning over
previously learned option policies, while Comp-LTL [5] constructs
a symbolic transition system and plans over pre-trained primitives
to satisfy new LTL specifications.

Our approach belongs to this compositional paradigm. We ex-
plicitly support both Boolean and sequential composition of skills
via LTL specifications: a conjunction of goals, a disjunction (choice),
or an ordered sequence can all be encoded in LTL and executed by
composing the corresponding primitives. Like Comp-LTL [5], our
framework achieves zero-shot policy composition for unseen tasks,
but we go further by integrating a safety layer (via dual policies) and
validating its effectiveness in safety-critical environments, where
naive composition may otherwise produce hazardous behaviours.

6 CONCLUSIONS

In this paper we introduced SAFE-CoMP, a unified framework for
safe and generalizable reinforcement learning via policy composi-
tion. We first introduced Reach-Avoid-LTL (RALTL) as a rich task
specification language that builds on atomic reach-avoid goals by us-
ing the full power of Linear-time Temporal Logics. Based on RALTL,
we proposed a two-level RL framework, where agents learns a set
of atomic skills at the lower level, while at the higher level, a logical
planner composes these skills to satisfy complex tasks expressed
in RALTL. In particular, to follow safety rules without sacrificing
performance, for each skill, the agent learns a reward-maximizing
policy and a safety-focused policy. Then, SAFE-ComP enables zero-
shot generalization by leveraging on DFAs that captures the task’s
logical structure. Finally, we evaluated our approach experimentally,
on environments taken from the literature on task composition and
reward machine, showing significant preliminary results.
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A SUPPLEMENTARY MATERIAL

A.1 Detailed algorithms and data structure

1. DFA edge policy (for conjunction tasks) ans Dijkstra path planning. Both policies are derived through evaluation of trajectory costs by
simulating the agent from one particular starting state. No training is needed, and a planned path to accomplish a selected sequence of
sub-tasks is produced in seconds after the starting state is given (inference only).

Algorithm 2 DFA Edge Conjunction tasks (permutation)

Require: all condition regions Cy;g;, all goal regions Gy;;, starting_state
1: condition « N(C € Cisr)
2: Initialize optimal_policy « {}, terminal_state «— empty
3: for each permutation of Gy;5; do
4:  Initialize state « starting_state, policy « {}
5. for each G € permutation do
6 AT « (condition U G)
7: actions, final_state < FollowAtomicPolicy(AT, condition, G, state)
8 policy « policy U actions
9 state «— final_state
if optimal_policy is empty or policy.length < optimal_policy.length then
11 optimal_policy < policy, terminal_state « state
12: return optimal_policy, terminal_state

-
@ 0

Algorithm 3 Dijkstra DFA path search

Require: DFA, init_location, start_state accepting_states
1: Initialize visited «— {}
2: queue «— {(start_state, init_location’,0,{})}
3: while queue is not empty do
4:  node < remove from queue with minimum tot_cost

5. (state,location, tot_cost, path) « node

6:  if state € accepting_states then

7: return path

8. if (state,location) ¢ visited or visited[(state, location)].tot_cost > tot_cost then
9: visited|[ (state, location)] < node

10: for each (state’, edge) € DFA[state] do

11: if state’ # state then

12: (actions, location”) < EdgePolicy(edge, location)

13: cost’ « tot_cost + actions.length

14: path’ «— path U {(state’, actions)}

15: if (state’, location’) ¢ visited or visited[(state’, location’)].tot_cost > cost’ then
16: queue — queue U {(state’, location’, cost’, path’)}

2. Sketch of MONA LTL representation examples. This is the encoding method of LTL in a programmatic way, used by computer programs
to generate state diagrams and DFA subsequently.

Then logic:

(101 :01 € $A0<v; < max($) A mona(vy,p2) ATy vy :03 €$ A0 <0y <oy Amona(vy, ¢1));
Until logic

(F101:01 €$A0 <0y <max($) A mona(vy, P2) AV oy :02 €$A0< 0, <op Amona(vg, $1));
Next Logic

Fy vy :0 € $Av; =1 Ao <max($) A mona(vy, P)



Figure 11: 9-room reach-avoid experiment
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Figure 12: Dual policy training: Phase 1 (Left - Direct policy) records the successful (light) and failed (dark) episodes for each
of the 4 sub-goals on y-axis. Phase 2 (Right - Safe-policy) records the success rate starting from any random non-goal state.
Completing within 150 steps is considered successful
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A.2 Experiment settings

Figure 11 is the original 9-room experiment layout used by popular research. In addition, the training procedure for initial dual-policy
with extended Q-Learning (goal-oriented) is recorded as shown in the plots of 12. The left plot is for Direct policy, where the 4 sections of
y-axis represent learning to reach each sub-goal, and the x-axis is episode number. Vertical lines of Dark color suggests an episode failing to
reach the sub-goal within certain step limit, and light color otherwise. The plot indicates that after a few hundred episodes, the learned
policy always successfully guide to each sub-goal (convergence with continuous all light color), though some takes more episodes to train
than others due to the environment layout (room connectivity). The right plot is a record for training Safe policy, where y-axis suggests
cumulative ratio of successful episodes. Both plots would indicate a successful policy models learned with stable results, and the overall
training takes within 1-2 minutes with an ordinary laptop device.

Figure 13 is the DFA rendered for the second task used for the Office grid experiment - delivering a coffee and a mail to the office (in
any order). Blue dots marks all accessible paths from the starting state (1) to the only accepting state (4), and other edges are unsuccessful.
Dijkstra path planning algorithms dynamically estimate the cost of traversing each edge and find a single path that is optimal.

B AAMAS 2026 REVIEWS AND REBUTTAL
Review 1 - AsZe

Summary: The paper presents a hierarchical Reinforcement Learning (RL) framework designed to separate the learning of basic, safety-aware
skills from their higher-level combination into complex tasks expressed in Linear Temporal Logic (LTL). At the lower level, agents learn
primitive skills under dual policies, one optimized for efficiency and another adhering to safety. At the higher level, these skills are composed
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Figure 13: Office grid experiment complex task: DFA graph for "Delivering coffee and mail" (t1: cof fee;, t2: cof fee,, t3: mail, t4:
obstacle, t0: of fice)

according to deterministic finite automata derived from LTL formulas, allowing agents to solve new tasks involving logical and temporal
relations without retraining, provided that the environment is fully deterministic and completely static. Minimal preliminary experimental
results are shown.

Technical Quality: 3. Acceptable
Significance and Relevance: 2. Some significance for an AAMAS subfield
Presentation Quality: 2. Poor

Review: The paper proposes a hierarchical RL framework that aims to achieve both safety and generalization through logical policy
composition. The idea of combining safety-aware primitive skills and formal logic specifications is conceptually sound, however, the
contribution as presented is not entirely convincing in terms of either theoretical depth or practical impact. The framework is positioned
as a general approach to safe and generalizable RL, but its applicability is limited by several strong assumptions. The method requires
deterministic transitions, static environments, and simulator-based training, which significantly restrict its use in realistic or complex
domains. Moreover, the reliance on tabular Q-learning for both primitive and composed tasks raises concerns about scalability, as this
paradigm is no longer representative of the state of the art in RL. Without an extensive experimental evaluation, it is difficult to assess
whether the proposed approach can generalize beyond toy navigation environments. From a methodological standpoint, the paper is
somewhat imprecise in its presentation and would benefit from a clearer explanation of which parts of the overall pipeline are truly novel,
rather than being a combination of existing approaches. Finally, the experimental section is insufficient to validate the contribution. The
chosen benchmarks are simple, and the results do not provide a strong case for the effectiveness or scalability of the approach. To strengthen
the paper, the authors should include more substantial experiments, possibly comparing against recent hierarchical or logic-based deep
RL methods, and provide ablation studies that isolate the benefit of the proposed components. In summary, while the paper addresses an
important problem and combines relevant ideas from logic and RL, its novelty is unclear, its assumptions are too restrictive for general
applicability, and the experimental evidence is too limited to support its claims. Thus, in its current form, I don’t believe the contribution is
ready for acceptance.

Rating: 4: Ok but not good enough - rejection
Confidence: 4: The reviewer is confident but not absolutely certain that the evaluation is correct

Review 2 - 2]JVB

Summary: The paper proposes SAFE-COMP, an approach for safe, compositional reinforcement learning. The approach uses temporal logic
to specify objectives, particularly compositions of reach-avoid objectives. For this purpose, the authors propose RALTL, which includes a
then operator and is interpreted over finite traces. RALTL is translated to DFAs to guide RL. For RL of individual tasks, the authors propose
to learn coal-conditioned policies using Q-learning, which enables composition for zero-shot adaptation to complex objectives. Finally, the
authors present a qualitative evaluation on several navigation tasks.

Technical Quality: 2. Flawed
Significance and Relevance: 3. Significant for an AAMAS subfield
Presentation Quality: 2. Poor



Review:
Strengths

e Combining skill learning (through notions like options) and composition of skills through automata is an area that is underexplored.
An integrated framework could fill an important gap in research. SAFE-CoMmp nicely ties together existing techniques.

e The approach addresses safety as a key feature, while ensuring optimal planning.

e The approach to composition is interesting (however, it does rely on existing work).

Weaknesses

o The approach is limited to deterministic environments, which severely limits applicability. While the authors mention possible
extensions to stochastic environments (e.g., through edge weights), RL frameworks should be applicable in stochastic environments
by design.

o The considered notion of safety is very simple and assumes that the environment can be queried for a safety violation (right column
on Page 4). In stochastic environments, shielding actually needs to evaluate whether a step can lead to an unsafe region. Such a region
may not violate safety directly, but may cause safety violations with high probability in the future. Through the considered notion of
safety, shielding becomes almost trivial.

o The usefulness of the proposed RALTL is unclear. The authors mention that it is a fragment of LTL, but it rather seems like a superset.
It includes all LTL operators as well as nesting of until and next. Additionally, it includes the then operator. I am unsure, however, if
RALTL is a strict superset, as the then might be expressible through other operators, like F(¢; A X (F(¢2))), though I am unsure about
interpretation on finite traces.

o The experimental evaluation is merely qualitative and uses artificial examples. The unsafe regions (overlapping and non-overlapping)
appear specifically crafted only for this approach. Granted, these kinds of examples are popular in the reward machine literature.

o The approach needs to keep track of all visited states, which limits scalability.

e Minor issue: some paragraphs are not well written.

Overall
I generally think SAFE-CoMP is an interesting approach and proposes a great idea of combining skill learning and reward-machine-like
composition. However, I believe that it needs more work.

Questions

Could the then operator be expressed using other operators? Can LTL express something that RALTL cannot express? How would edge
costs be used to extend your approach? Is your approach to safety, of avoiding all other regions when learning Qgafe, motivated by a use
case? Why is the conjunction implemented as a summation?

Other comments
RALTL semantics:
e ¢ is missing from k € [, j)
e until: (7,i) | r’ — I think i should be j
e region until: (t,k) |= " — r’ should be r’, right?
e Why distinguish the types of until? They look the same.

“with each trajectory prefix corresponds to an automaton state,” — “with each trajectory prefix corresponding to an automaton state,”

Goal-conditioned Q-functions are used in Section 3.2 but only introduced in Section 3.3.

»

The beginning of Section 3.4 includes “...to capture complex tasks specified in Linear Temporal Logic on Finite Traces (LTLf).” It is confusing
why it is LTLf rather than RALTL.

The figures are very small and hard to read.

The following paragraphs are hard to understand:

e “High-Level Path Planning” on Page 5 — It is hard to discern what actually happens.

e Section 4.3 Evaluating Boolean Composition — I don’t understand this description. What is conjuncted here? What are the different
regions? All of them are yellow.

e In Section 4.5, “2. Reach and avoid interfering regions — safety requirement” — What do you mean by “sea” and “islands™?

Concerning “In contrast, shielding and runtime verification have emerged as practical solutions to enforce absolute (probability 1) ...” —

This is often not possible; therefore, probabilistic guarantees are enforced, like staying safe with 0.9 probability.

Rating: 4: Ok but not good enough - rejection
Confidence: 4: The reviewer is confident but not absolutely certain that the evaluation is correct



Review 3 - ybXN

Summary: The paper discusses learning (safe) policies composed os different tasks, in order to lessen the specificity of policies learned.
The authors introduce RALTL (a fragment of LTL) which they seem to use quite effectively, and then define an algorithm (Algorithm 1)
for composing safe policies for specific tasks. This operates in 4 stages: learning a direct Q-function and then a safe function, performing
boolean task composition, and then performing safe policy replacement. The resulting policies, each for a specific task, are used as objects
in a logically-defined larger task, which via an LTLf-to-DFA algorithm are transformed into a transition system, after which high-level
planning over skills (policies) is performed.

Technical Quality: 3. Acceptable
Significance and Relevance: 4. Significant for large parts of the AAMAS community
Presentation Quality: 4. Very Good

Review: The paper is quite readable and is based on a very nice idea; RL suffers from inadequacies when it comes to generalizing tasks, as
well as enforcing safety constraints, and these are important problems that will have to be solved. However, the approach proposed in this
paper struggles in a number of areas, which I will explain below.

Firstly, despite this being an RL paper, determinism is assumed. This is a very strong assumption (as is noted in the paper); techniques are
suggested in passing that could relax this constraint, but not really explained. The paper would benefit from more discussion on this. Either
way, though, when MDPs are defined, it shouldn’t be with a deterministic transition function; the probabilistic function should be used and
subsequently it should be asserted that P(s, a,s”) = 1 for all deterministic transitions and 0 otherwise.

There are a couple of unsupported claims in the paper. For example, in Section 3.3 when discussing Phase 4 of Algorithm 1, they state that
“Boolean composition yields correct logical behaviour”. Is this proven in the cited papers? If so, this should be stated explicitly; if not, then it
should be proven. With respect to the boolean task composition I am specifically interested also in supporting the claim regarding “...an
average over the constituent primitives, however, this may result in a suboptimal composition”, which is cited. However, the authors’ solution
is to instead just add the Q-functions corresponding to different goals together. But the only difference between adding the Q-functions and
averaging them is a positive constant coefficient on Q-values, which won’t change the order induced by the Q-function. So why do they
yield different behaviour? Perhaps I am misunderstanding something...does “constitutive primitives” refer to the reward functions or the
Q-functions? Because if so there shouldn’t be a difference, by the linearity of conditional expectation. But perhaps it refers to something else.
Clarification would be helpful.

Moving on to the next problematic claim, in the conclusion the authors state “In particular, to guarantee safety without sacrificing performance,
for each skill, the agent learns a reward-maximizing policy and a safety-focused policy” This is not only unsupported (no guarantees are
proven in the paper) but also, as far as I can tell, false. The way that the safe and regular Q-functions are composed is so that Qg,fe comes
into play when an action will directly result in an unsafe state. This is noted as a shortcoming in their discussion of limitations, where they
mention sub-optimal detours, but there is a much bigger problem: it is possible that in an environment a certain sequence of actions will
result in an inevitable safety violation, with no chance to turn back. So a single decision 10 steps back could result in an inevitable safety
violation.

What I don’t understand is why the authors compose Qgafe and Qgirect at all. Qsafe rewards the agent when it reaches a goal, and punishes
safety violations; we can see the reward signal therefore as multi-objective. That is, for the R corresponding to Qsafe, We can decompose it
into R = Rgafe + Rgoal, Where Ry,fe only punishes unsafe behaviour and Ry, only rewards goals. This is therefore a linear combination of two
functions from a multi-objective problem. With this in mind, one of the policies found on the Pareto front is precisely what the authors want:
to minimize unsafe behaviour while maximizing returns from goals. Why not just use some kind of multi-objective optimization for this?
Because as the authors note, this behaviour can result in sub-optimal behaviour, and this is without providing the safest behaviour.

It should be noted that as a reviewer, I am most equipped to address the safety issues; task composition is out of my area of expertise, so I
cannot speak to how novel the approach in Section 3.4 is. However, the safety component seems to me to be lacking, and I am not sure why
the authors did not just use an established safe RL method (with guarantees etc. already proven) and get their safe policies using that.

Summarily, the combination of generalizable RL and safe RL is great, but it seems to me there are some serious issues on the safety side of
things. I hope the authors might be able to clarify the intent behind their design choices in their rebuttal, however.

Minor suggestions:

e Maybe in the abstract it should be specified that they are using LTLf...I was a bit puzzled at first because LTL formulas cannot in
general be transformed into DFAs.

e While Phases 1, 2, and 4 of Algorithm 1 are pointed out explicitly in bold, Phase 3 is not. It is not necessary as it is fairly clear from
the context, but stylistically it might be nicer.

o The first sentence in the second paragraph of Section 3.3 seems to be a run-on sentence and if not split up, needs some different
punctuation/connectors.



Rating: 6: Marginally above acceptance threshold
Confidence: 4: The reviewer is confident but not absolutely certain that the evaluation is correct

Author Rebuttal

Response to Reviewer AsZe. The method requires deterministic transitions, static environments, and simulator-based training

We believe these assumptions still cover a significant class of interesting application environments. In a sense, it is the age-old trade-off
between generality of results and their strengths. In our case, these assumptions still allow for meaningful applications. Indeed, determinism is
assumed only for path-optimality in high-level DFA planning, not as a conceptual limitation of SAFE-Comp. We agree that the MDP definition
should use a probabilistic transition kernel; we will revise the notation accordingly and explicitly state that we restrict to deterministic
transitions for the experiments. Please see also our reply to Reviewer 2JVB where we expand on the applicability of SAFE-Comp to stochastic
dynamics. Further, our goal is to enable agents to infer on a range of tasks by only upfront training. As such, “skill generalization”, i.e.,
solving stochastic or unpredictable tasks without specified training, is beyond the scope of the contribution. For such tasks, the proposed
framework might serve as a foundation upon which actual probabilistic decision making is built. Finally, a simulated environment is needed
for learning without actually damaging the agent, people, or property in the real world.

Reliance on tabular Q-learning

The proposed framework is independent of the particular RL algorithm. As long as the Q-value function can be modelled by three inputs —
state, action, and target — the compositional approach will be effective. For continuous state spaces, the Q-value can be modelled by a deep
neural network taking three inputs. For continuous action spaces, the actions can either be quantized to discrete intervals or modelled by
Normalized Advantage Functions (NAF). These would still be consistent with binary Q-value inputs for state—action pairs. Although we do
not explicitly demonstrate the use of deep Q-learning, the framework itself has no restriction on model type.

Experiments

The purpose of the experiments is to show the expressiveness and processing power of the temporal logic specification language and the
ability to generate safe trajectories without task-specific training. The difficulty of the tasks themselves is not a deciding factor for the
framework’s applicability, as they are more related to the choice of underlying RL models and parameters.

Response to Reviewer 2JVB. We thank the reviewer for their useful feedback. We will strive to improve readability and correct all typos.

Determinism
Please refer to our reply to Reviewer AsZe above.

Simple notion of safety / stochastic environments

We agree that in stochastic settings, safety requires reasoning over future risk rather than only immediate violations. Our current shielding
mechanism is greedy, a limitation that is acknowledged in the paper. Our intent was not to propose a complete stochastic-safe shielding
algorithm, but we argue that the SAFE-Comp framework is compatible with such extensions. Because the underlying Q-functions already
encode expected future values, one can incorporate risk-to-violation estimates by applying Bellman updates on expected cost or by integrating
CMDP-style risk critics.

Expressivity of RALTL

RALTL is a fragment of LTL: basic formulas have the form r U r’, where r,r" are Boolean formulas and U denotes until. Basic formulas are
thus reach-avoid properties, and more complex formulas are built using the standard temporal operators. LTL formulas such as G p (always
p) are not expressible in RALTL, as p is not a reach-avoid atom. Nevertheless, RALTL can express a rich class of temporal properties.

Experiment design and qualitative evaluation
There are some types of overlapping and unsafe regions not learnable by skill generalization, but the framework does not require any
specifically crafted environments or tasks.

Scalability of recording visited states
This is needed only for drawing a complete policy visualization showing the optimal action for all states. For path planning, the visited
states are upper-bounded by the alternation between direct and safe policy trajectories, a much smaller state space.

Safety violation risks in the future

This is a valid point, as also mentioned in the limitations of the paper. The greedy approach and its lack of future consideration is a limitation
of the current algorithmic design, but the main framework is capable of providing such support via Bellman updates on the expected risk of
violating safety constraints.

Response to Reviewer ybXN. We thank the reviewer for their comments. We will fix typos and implement the suggestions at the end of the
review for readability.

Determinism
Please refer to our reply to Reviewer AsZe above.

Supported claims



The correctness claim refers to the logical semantics of Boolean goal combinations, originally established for goal-conditioned value functions
in Tasse et al. 2020 A boolean task algebra for reinforcement learning. Regarding summation vs. averaging: although scaling does not change
the ranking of actions for a single Q-function, Boolean conjunction aggregates value functions corresponding to distinct reach-avoid tasks.
Summation preserves additive progress across sub-goals, whereas averaging suppresses the relative contribution of objectives that are far
from completion, resulting in the suboptimality highlighted in Hunt et al. 2019 Composing Entropic Policies using Divergence Correction.
In our setting, summation is not a scaled version of averaging because each term corresponds to a separate shaped reward with different
terminal sets and different optimal horizons. We will expand this explanation to avoid ambiguity.

We agree that “guarantee” is strong when long-horizon inevitability is possible. The dual-policy design guarantees safety given that the safe
primitive has valid trajectories. The combined policy is safe whenever Qg,fe encodes a valid reach-avoid solution; however, the greedy handoff
mechanism cannot detect inevitable future violations. This is noted in the Limitations section. Our aim is to prevent local violations while
improving efficiency relative to using only the safe policy. We will adjust the language to make clear that global, long-horizon guarantees
require additional risk-propagation machinery beyond the current shield.

Redundant dual (Qgirecr and Qsape) policy

The safe policy is indeed trained with a multi-objective reward, but the challenge lies in how both objectives can be combined into a single
model that satisfies both. Qsafe is designed with a strong focus on obtaining safe trajectories, with the sole objective of reaching the goal
rather than systematically minimizing path cost. This shortcoming is addressed by Qgirect, and their combination is a valid and necessary
step. As shown in the 9-room experiment, Qgafe alone leads to an unnecessary detour compared to the dual policy.

Safety and optimality guarantees
We note in the paper that the combined policy is safe and close to optimal, rather than “absolutely optimal”. Qsate is designed so that, by its
own training, unsafe conditions are avoided. Under this assumption, the resulting dual policy is safe.

Using established safe RL

SArE-Comp is not intended to replace CMDP-style safe RL or formal shielding, but to provide a modular framework that combines safety-
aware primitives with logical task composition. Existing safe RL methods typically learn a single policy tied to a single reward/constraint
specification; they do not support logical task recomposition or zero-shot generalization. The novelty of SAFE-Comp lies in integrating
safety-aware primitives with LTL{-based compositional planning. Using a standard safe RL method inside SAFE-ComPp is entirely possible and
would strengthen guarantees; in fact, we view SAFE-CoMmp as orthogonal to such methods. We will make this clearer in the revised version.
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