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Abstract

Reinforcement learning (RL) agents often struggle to reuse knowledge when task dynamics
change, even when the underlying objective remains the same. This sample inefficiency is
compounded by poor generalization beyond the training distribution. We introduce automa-
ton distillation—a neuro-symbolic transfer learning approach that addresses both challenges
by distilling Q-value estimates from a teacher agent into a compact automaton represen-
tation of the shared task objective. Critically, our method requires no explicit alignment
between source and target state-action spaces: the automaton serves as a domain-agnostic
intermediary through which value information is transferred. We propose two variants.

∗Equal contributions.
†Work done while at the University of Texas at San Antonio.
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Static transfer performs value iteration over the abstract MDP induced by the automaton,
providing a lightweight initialization. Dynamic transfer distills empirical Q-values from a
teacher’s replay buffer onto automaton transitions, grounding symbolic abstractions in ac-
tual environment dynamics and correcting for mismatches between automaton trace length
and true trajectory cost. We evaluate both variants on discrete and continuous gridworld
tasks with sparse, non-Markovian rewards, and on a continuous benchmark. These results
demonstrate that a shared symbolic objective is a sufficient bridge for effective few-shot
transfer, even when source and target environments differ substantially in dynamics.

1 Introduction

Sequential decision-making tasks are foundational to autonomous systems, yet solving them remains a pri-
mary challenge for conventional reinforcement learning (RL). While deep RL has achieved remarkable success
in stationary environments (Mnih & et al., 2015), its utility is often restricted by two critical bottlenecks: ex-
treme sample inefficiency (Buckman et al., 2018) and poor adaptation when the task conditions change (Kirk
et al., 2021). In most standard paradigms, a learned policy is inextricably tied to the specific state-action
space of its training environment. Consequently, even a minor shift in task dynamics or layout typically
necessitates retraining from scratch, as the agent fails to recognize that the underlying objective of the task
remains invariant (Cobbe et al., 2019).

These limitations are most acute in tasks characterized by sparse or non-Markovian rewards (Kulkarni et al.,
2016). In such scenarios, an agent must execute a precise, structured sequence of sub-goals before receiving
any meaningful feedback, a setting where retraining from scratch is especially costly, since the agent must
re-discover the correct subtask ordering entirely from experience. Existing approaches attempt to mitigate
transfer cost by learning shared latent representations (Higgins et al., 2017) or constructing explicit inter-task
mappings (Taylor & Stone, 2009). However, these methods typically require substantial additional data or
manual engineering, and they assume some form of alignment between the source and target state-actions
spaces.

In this work, we propose a different perspective: when source and target tasks share a common high-level
objective, that objective is a sufficient bridge for knowledge transfer, without requiring any explicit alignment
between between state-action spaces. Consider a robot trained to execute a multi-step delivery task in one
building layout. When deployed in a new building, the physical observations differ entirely, yet the logical
structure of the task: retrieve item, navigate to destination, return to base is identical. Standard transfer
methods fail here because they attempt to map low-level states across environments. We instead transfer
through the task structure itself.

We formalize this by expressing task objective as formal specification in finite-trace Linear Temporal Logic
(LTL) (Pnueli, 1977; Camacho et al., 2017), which can be automatically compiled into Deterministic Finite
Automata (DFAs) (Icarte et al., 2022). A DFA tracks symbolic task progress, which sub-goals have been
completed, in what order independently of the specific observations in any particular environment. This
makes it a natural domain-agnostic interface for knowledge transfer: the same automaton is valid in any
environment that shares the objective, regardless of how that objective is physically realized.

We introduce automaton distillation, a transfer learning approach that exploits this structure. A teacher
agent is trained to near-optimality in a source environment, and its learned Q-values are distilled onto
the transitions of the shared task automaton. This produces a compact value summary that captures
which symbolic transitions are rewarding, without encoding anything specific to the source environment’s
state space. A student in the target environment uses these transition-level estimates to bootstrap its own
learning, receiving meaningful initial guidance without any direct correspondence between source and target
observations.

We develop two variants of automaton distillation. Static transfer generates transition value estimates via
value iteration over the abstract Markov Decision Process (MDP) induced by the automaton, a lightweight
approach that requires a trained teacher, but does not account for actual environment dynamics. Dynamic
transfer instead averages the teacher’s Q-values over replay transitions that realize each automaton edge,
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grounding symbolic value estimates in empirical environment dynamics. We show this distinction matters:
when automaton trace length is a poor proxy for trajectory cost in the underlying environment, static transfer
can produce negative transfer, while dynamic transfer corrects for this by drawing on teacher experience
directly. This also connects to broader work on non-Markovian reward decision processes (Bacchus et al.,
1996; Littman et al., 2017), where augmenting the state space with an automaton makes the problem
Markovian in the product space (De Giacomo & Vardi, 2013; Gaon & Brafman, 2020), enabling standard
RL algorithms to apply.

We evaluate automaton distillation on three gridworld environments with long horizons and sparse rewards, in
both discrete and continuous variants, and on a continuous control task requiring sequential task completion.
Transfer is tested across environments differing in map size and structure (discrete-to-discrete) and across
fundamentally different state-action spaces (discrete-to-continuous).

The contributions of this paper are as follows:

• We introduce automaton distillation, a few-shot transfer learning framework for RL that requires
no alignment between source and target state-action spaces, using a shared symbolic task objective
as the sole transfer medium.

• We propose two variants (i) static transfer (value iteration over the automaton abstraction) and
dynamic transfer (empirically grounded Q-value averaging over teacher replay) (ii) and characterize
the conditions under which each is appropriate.

• We demonstrate empirically that automaton distillation improves transfer across discrete, continu-
ous, and mixed-domain transfer settings.

The primary gap between this work and physical deployment is the labeling function: our experiments use
handcrafted propositional functions over known state variables, whereas a real deployment would require
atomic propositions derived from raw sensor observations.

2 Background

Reinforcement Learning. We model the RL environments using MDPs. An MDP is defined by a tuple
M = 〈S, s0, A,P, R, γ〉, where S is the state space, s0 ∈ S is the initial state, A is the action space,
P : S × A× S → [0, 1] is the transition kernel, R : S × A× S → R is the reward function, and γ ∈ [0, 1) is
a discount factor. We denote the probability of transition from state s to state s′ after taking action a as
P(s′ | s, a). A policy π is a map from states to probability distributions over actions. The value function
V π(s) = Eπ [

∑∞
t=0 γ

trt | s0 = s] is defined as the expected discounted return starting from the state s and
following π the corresponding state-action value function is: Qπ(s, a) = Eπ [

∑∞
t=0 γ

trt | s0 = s, a0 = a].

In many practical tasks, however, the reward signal depends not only on the current state but on the entire
history of observations. Such tasks are more naturally modeled as Non-Markovian Reward Decision Processes
(NMRDPs) (Bacchus et al., 1996), where R : (S × A)∗ → R is defined over sequences of state-action pairs
rather than individual transitions. Standard RL algorithms, which rely on the Markov assumption, cannot
be applied directly. The key insight motivating our framework is that the non-Markovian structure of the
reward signal can often be captured compactly using a formal task specification, which brings us to the role
of automata.

Finite-Trace Linear Temporal Logic. We express task objectives using finite-trace Linear Temporal
Logic (LTLf ) (Pnueli, 1977; De Giacomo & Vardi, 2015), a formalism for specifying structured sequences
of events over finite trajectories. LTLf formulae are defined over a set of atomic propositions AP , which
describes high-level features of the environment. Formulae are built from standard Boolean operators –
negation (¬), conjunction (∧), disjunction (∨), and temporal operators – “until” (U), “eventually” (F), and
“always” (G).

Intuitively, Fϕ holds if ϕ is is satisfied at some future timestep, Gϕ holds if ϕ holds at every future timestep,
and ϕ1Uϕ2 holds if ϕ1 is satisfied at all timesteps before the first occurrence of ϕ2. To connect the task
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(a) (b)

Figure 1: (a) At each time step, the agent may move one square in any cardinal direction. A sequence of
actions satisfies the objective if and only if the agent obtains both the sword and the shield. The objective
is decomposed using the atomic propositions AP = {sword, shield}, with a labeling function L such that
L(s0) = {}, L(s1) = {}, L(s2) = {sword}, L(s3) = {shield}. Rollouts which achieve the objective also
satisfy the LTLf specification ϕ = F(sword) ∧ F(shield). (b) An automaton defined over the alphabet
Σ = {{}, {sword}, {shield}, {sword, shield}}. The automaton accepts the subset of strings in Σ∗ that
satisfy the LTLf formula.

specification to the environment, we define a labeling function L : S → 2AP that maps each state to the set
of atomic propositions that hold in it. For example, in the environment shown in Figure 1a, L maps grid
positions to propositions such as sword or shield depending on the objects present.

Deterministic Finite-State Automaton (DFA). To reason over the given the LTLf specification, we use
a DFA, Therefore, given any LTL formulae ϕ, a corresponding DFA is defined by a tuple A = 〈Σ,Ω, ω0, F, δ〉,
where Σ = 2AP is the finite alphabet of the input language, Ω is the set of states with starting state ω0,
F ⊆ Ω is the set of accepting states, and δ : Ω × Σ → Ω defines a state transition function. Tools for this
compilation are readily available (Zhu et al., 2017), and during an episode, the automaton state is tracked
in parallel with the environment: given the current automaton state ω and a new observation s′, the next
automaton state is computed as ω′ = δ(ω,L(s′)).

Figure 1b depicts an example of a DFA for the formula ϕ = F(sword)∧F(shield). The automaton starts in
state ω0 and transitions to state ω1 or ω2 when it observes the propositions sword and shield respectively,
once both propositions have been observed (in either order), the automaton transitions to the accepting
state ω3, indicating that the objective has been satisfied.

Product MDP. The product MDP Mϕ of an MDP M and a DFA A synchronizes the environment state
with the automaton state (Fu & Topcu, 2014). Its state space is the Cartesian product Sϕ = S ×Ω, and its
transition kernel is given by

Pϕ((s′, ω′) | (s, ω), a) =
{
P(s′ | s, a), if ω′ = δ(ω,L(s′)),
0, otherwise,

where δ : Ω × Σ → Ω is the DFA transition function. The reward function R′ : Ω × Σ → R is a Markovian
reward defined over automaton transitions. Because the automaton state encodes the task-relevant history,
the product MDP satisfies the Markov property, and standard RL algorithms can be applied directly to the
product state space S × Ω. In practice, one does not need to construct the Cartesian product explicitly;
instead, the automaton state is maintained alongside the environment state and concatenated with the
environment state as input to the policy or value network.

Problem Setting: Transfer via Shared Objectives. The framework above establishes how a single
agent solves a structured task in one environment. We consider two agents, a teacher operating in a source
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environment M � and a student learning in a target environment M � , that share a common high-level
objective ' but may di�er in every other respect. Formally, we make no assumption that S� = S� or
A � = A � : the state spaces, action spaces, and transition dynamics may all di�er. The two environments
share only three things: a common set of atomic propositionsAP , a labeling function L that maps states
in each environment to truth assignments overAP (with potentially di�erent implementations, e.g., grid
adjacency versus Euclidean distance thresholds), and the task objective' and its compiled DFA A. Because
A is de�ned entirely over AP and not over the raw observations of either environment, it acts as a domain-
agnostic representation of task progress that is valid in both settings. The central question is: can the
teacher's learned Q-values be used to accelerate student learning, given that there is no direct correspondence
between their state-action spaces? We answer a�rmatively; by associating value estimates with automaton
transitions rather than raw state-action pairs, we transfer knowledge through the shared symbolic structure
of the task itself. This is the key idea behind automaton distillation, which we develop in Section 3.

3 Automaton Distillation

We now describe our approach, the core idea is straightforward: rather than transferring knowledge directly
from source to target state-action pairs, which requires alignment between the two spaces, we use the shared
task automaton as an intermediate representation. The teacher's learned Q-values are compressed onto
automaton transitions, producing a compact value summary that is environment-agnostic. The student then
uses this summary to initialize its learning in the target environment. The method proceeds in three stages,
illustrated in Figure 2, a DQN (or TD3) agent is trained to near-optimality in the source environment.
Its experience replay bu�er is populated with augmented transitions that include the automaton state. In
section Section 3.2, we describe the distillation process where the Q-value estimates are associated with each
transition in the shared task automaton, either via value iteration (static transfer) or by averaging teacher
Q-values over replay transitions that realize each automaton edge (dynamic transfer). In Section 3.3, we
describe how the student agent uses these transition values to modify its Q-learning targets early in training,
with the teacher's in�uence annealed to zero as the student accumulates its own experience.

3.1 Teacher Training

The teacher agent is trained using standard deep RL methods in the source environmentM � . Speci�cally,
we use a Dueling DQN (Wang et al., 2016b) for discrete environments and TD3 (Fujimoto et al., 2018) for
continuous environments, augmented to operate over the product MDP state spaceS� � 
 . At each timestep,
the teacher observes states, selects actiona, receives rewardr , and transitions to s0. The new automaton
state is computed as! 0 = � (!; L (s0)) , and the full augmented transition ((s; ! ); a; r; (s0; ! 0)) is stored in a
replay bu�er ER. We de�ne � � (!; � ) as the number of times automaton node! and proposition set � 2 2AP

co-occur in ER, that is, the number of replay transitions that realize the automaton edge! ��! ! 0 :

� � (!; � ) = jf ((s; ! ); a; r; (s0; ! 0)) 2 ERjL (s0) = � gj: (1)

This count is used to give the average view of the source environment and how it would relate to the target.

3.2 Distillation: Associating Values with Automaton Transitions

Once the teacher is trained, we associate a scalar Q-value estimate with each transition(!; � ) in the automa-
ton. This estimate captures how desirable it is to realize that symbolic transition, that is, to progress from
automaton state ! by observing proposition � . We propose two methods for generating these estimates.

3.2.1 Static Automaton Transfer

Static transfer generates transition value estimates without using the teacher's learned Q-function. Instead,
value iteration is performed directly over the abstract MDP induced by the automaton, treating automaton
nodes as states and transitions as actions:

Q(!; � )  Q(!; � ) + � (R0(!; � ) + 
 max
� 0

Q(! 0; � 0) � Q(!; � )) ; (2)
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Teacher training
Distillation

Student bootstrapping

Source
environment

discrete, 7 � 7 grid

Teacher agent
Dueling DQN / TD3

Replay bu�er ER
aug. transitions

(s; ! ) ; a; r; (s0; ! 0)

s; !

stores

Shared automaton
DFA over AP

Teacher Q-values
Q avg

� per tran-

sition ( !; � )

Transition values
domain-agnostic table

maps

avg.

Target en-
vironment

continuous, 10 � 10

Blended TD target
Q 0 = �Q avg

� +

(1 � � )Q target

Student agent
Dueling DQN / TD3

s0; ! 0

trains

shared ' shared '

distills Q avg
� ( !; � )

Figure 2: Automaton distillation pipeline. Left: The teacher agent is trained in the source environment
over the product MDP state space; augmented transitions are stored in replay bu�erER. Middle: Teacher
Q-values are averaged over replay transitions that realize each automaton edge! ��! ! 0, producing a table
of scalar transition values Qavg

� (!; � ). Right: The student uses these values to bias its TD targets early in
training via annealing coe�cient � . The dashed arrow marks thesole artifact transferred, no raw states,
actions, or network weights cross the teacher�student boundary. Both agents compile the same DFA from
the shared LTLf speci�cation independently.

whereR0(!; � ) is the reward associated with transitioning from ! under proposition � , and ! 0 = � (!; L (s0)) .
Static transfer is lightweight and requires no trained teacher. However, it has a fundamental limitation: value
iteration over the abstract automaton optimizes for short traces under discounting, without any knowledge
of how costly each transition is to realize in the actual environment. When trace length in the automaton is
a poor proxy for trajectory length in the environment�for instance, when a symbolically short path requires
many low-level steps�static transfer can assign misleading values that actively slow student learning. This
becomes a problem when the symbolic structure of the automaton does not re�ect the physical structure of
the task.

Consider the objective' = F(b_ e) ^ (: F(a) _ : F(c)) ^ (a R: b) ^ (cR: d) ^ (dR: e), which compiles into the
two-trace automaton shown in Figure 3a. The two completion paths area ! b (2 transitions) and c ! d ! e
(3 transitions). Under discounting, static transfer assigns higher value toa ! b because it appears shorter
in the automaton. However, in the actual environment the path c ! d ! e may be physically shorter; for
example, if the objects corresponding toa and b are far apart but c; d and e are clustered nearby. Static
transfer has no way to detect this mismatch; it sees only the automaton structure, not the environment
dynamics. This failure is not pathological. It arises naturally whenever objects or waypoints are unevenly
distributed in the environment, obstacles alter navigation costs, or actions have variable execution time.
This limitation motivates our second variant, which replaces symbolic reasoning with empirical grounding.

3.3 Dynamic Automaton Transfer

Dynamic transfer addresses the limitation above by grounding transition value estimates in the teacher's
empirical experience. For each automaton transition(!; � ), we compute the average Q-value assigned by
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(a) Simple automaton with two traces.

(b) Teacher Q-values produced by dynamic (red)
and static (blue) automaton distillation on the Blind
Craftsman environment.

Figure 3: (a) A two-trace automaton compiled from the objective ' = F(b_ e) ^ (: F(a) _ : F(c)) ^ (a R: b) ^
(cR: d) ^ (dR: e). (b) Teacher Q-values produced by dynamic (red) and static (blue) automaton distillation
on the Blind Craftsman environment. Transitions which were not observed in the environment are denoted
by dotted lines.

the teacher's network across all replay transitions that realize that edge:

Qavg
� (!; � )=

P
f (( s;! ) ;a;r; (s0;! 0)) 2 ER jL (s0)= � gQ� ((s; ! );a)

� � (!; � )
: (3)

where Q� ((s; ! ); a) is the Q-value assigned by the teacher's network to the augmented state-action pair
((s; ! ); a), and � � (!; � ) is de�ned in equation 1. Intuitively, Qavg

� (!; � ) captures the empirical desirability of
realizing transition (!; � ) as experienced by the teacher. Crucially, this estimate implicitly re�ects the true
cost of realizing each symbolic transition in the environment, including how many low-level steps it requires
and how easily it can be achieved, information that the abstract automaton alone cannot represent. This
makes dynamic transfer robust to cases where the automaton structure misrepresents task di�culty.

3.3.1 Student Bootstrapping

Given the automaton transition values Qavg
� (!; � ) (from either static or dynamic transfer), we use them to

bias the student's Q-learning targets early in training. At each training step, the standard Bellman target
for the student is blended with the teacher's automaton transition value:

Q0
� ((s; ! ); a) = � (!; L (s0)) Qavg

� (!; L (s0)) +
�
1 � � (!; L (s0))

�
Qtarget : (4)

where Qavg
� (!; L (s0)) is the teacher's value for the current automaton transition, Qtarget is the standard

Bellman target, and � (!; � ) 2 [0; 1] controls the relative in�uence of the two. The standard target Qtarget is
de�ned as:

Qtarget = r + 
 max
a0

Qstudent ((s0; ! 0); a0; � target ); (5)

where � target denotes the parameters of the target Q-network. For TD3, the corresponding target is

Qtarget = r + 
 min
i =1 ;2

Qstudent
�
(s0; ! 0); ~a; � target

i

�
: (6)

where � target
i denotes the parameters of thei -th target critic, and ~a = � � 0(s0) + " is the target policy's action

with exploration noise " .

The annealing function is de�ned as � (!; � ) = � � student ( !;� ) , where � = 0 :999 and � student (!; � ) is the
number of times the transition (!; � ) has been sampled during student training. As the student accumulates
experience on a given automaton transition,� decays exponentially toward zero, and the teacher's in�uence
on that transition is phased out. When � = 0 for all transitions, the student's update reduces exactly to
standard DQN or TD3. This per-transition annealing is important: it allows the teacher to provide strong
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guidance on transitions the student has rarely seen, while stepping back on transitions the student has
already learned well. The full student-learning procedure, including the target-network updates, is given in
Algorithm 1 in Appendix A.

The student's network is updated by minimizing the prioritized TD error against the modi�ed target:

Loss(� ) = E(( s;! ) ;a;r; (s0;! 0)) � P (ER ) [Q
0
student ((s; ! ); a) � Q((s; ! ); a; � )]2; (7)

where P is a priority function that upweights transitions with higher prediction error (Schaul et al., 2015)

The asymptotic behavior of automaton Q-learning depends on the annealing function� in the student Q-
udpate in equation 4. When � = 0 , automaton Q-learning reduces to vanilla Q-Learning, con�rming that
the teacher's in�uence is fully phased out as the student gains experience. To provide theoretical grounding
for this blending mechanism, speci�cally, to show that the per-transition annealing coe�cient produces
convergent Q-value estimates rather than destabilizing training, we establish a convergence result for the
tabular special case. We note that this result applies to �nite state and action spaces and does not directly
extend to the function approximation setting used in practice; Remark 1 below discusses the implications
for DQN and TD3.

Theorem 1 (Convergence of Tabular Automaton Q-Learning). Consider the product MDP M ' = hS �

 ; (s0; ! 0); A; T � �; R 0i , where R0 : 
 � � ! R is the reward function de�ned over automaton transitions.
De�ne � t = L(st +1 ) and r t := R0(! t ; � t ) as the reward observed during stept, corresponding to the transition
! t

� t�! ! t +1 = � (! t ; � t ). Suppose the tabular Q-values are updated according to:

Qt +1 ((st ; ! t ); at ) = (1 � � t )Qt ((st ; ! t ); at ) + � t � t Q
avg
teacher (! t ; � t )

+ � t (1 � � t ) [r t + 
V t (st +1 ; ! t +1 )] ; (8)

whereVt (s; ! ) = max a Qt ((s; ! ); a). Then, Qt ((s; ! ); a) ! Q� ((s; ! ); a) with probability 1 under the following
conditions:

1. The state spaceS, automaton state space
 , and action spaceA are �nite.

2. The learning rates � t 2 [0; 1) satisfy
P

t � t = 1 and
P

t � 2
t < 1 .

3. The distil lation weights � t � 0 satisfy lim t !1 � t = 0 and
P

t � t (1 � � t ) = 1 .

4. The symbolic reward varianceVar( r t ) is uniformly bounded.

5. Either 
 = 1 and all policies reach a cost-free terminal state, or
 2 [0; 1).

Proof. We decompose the Q-values asQt = qt + ht with updates:

qt +1 ((st ; ! t ); at ) = (1 � � t )qt ((st ; ! t ); at ) + � t (1 � � t ) [r t + 
V t (st +1 ; ! t +1 )] ; (9)

ht +1 ((st ; ! t ); at ) = (1 � � t )ht ((st ; ! t ); at ) + � t � t Q
avg
teacher (! t ; � t ): (10)

Convergence ofqt : This update corresponds to Q-learning in the product MDP using rewardsr t = R0(! t ; � t ).
Since the reward is bounded, the learning rate� t (1 � � t ) satis�es Robbins�Monro conditions, and the state-
action space is �nite, it follows that (e.g., (Jaakkola et al., 1993)):

qt ((s; ! ); a) ! Q� ((s; ! ); a) w.p. 1:

Convergence ofht : Let ct := Qavg
teacher (! t ; � t ). Sincect is drawn from a �xed and bounded function over the

�nite domain 
 � � , there exists C < 1 such that jct j � C for all t. The update becomes:

ht +1 = (1 � � t )ht + � t � t ct :

This is a stochastic approximation with a vanishing forcing term � t ct , and under the given assumptions on
� t and � t , it converges to zero almost surely.
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Sinceqt ! Q� and ht ! 0 almost surely, we conclude:

Qt = qt + ht ! Q� w.p. 1: �

Remark 1. Theorem 1 applies to the tabular setting. The practical algorithm uses function approximation
(DQN or TD3), where standard convergence guarantees do not hold. However, the annealing condition� t ! 0
ensures that the teacher's in�uence vanishes as training proceeds, and the student's update asymptotically
reduces to standard DQN or TD3. This is consistent with the empirical stability observed in our experiments.

4 Related Work

The challenge of reusing knowledge between environments with di�erent state spaces, action spaces, or dy-
namics has been studied under several paradigms (Zhu et al., 2023). Inter-task mapping approaches construct
explicit correspondences between source and target state-action spaces, either manually (Taylor & Stone,
2005)or via learned latent subspaces (Ammar & Taylor, 2012; Ammar et al., 2015), but require simulta-
neous access to both environments and become infeasible when spaces di�er structurally. Representation
transfer methods, including DARLA (Higgins et al., 2017), CURL (Srinivas et al., 2020), and Latent Uni�ed
State Representation (Xing et al., 2021), learn domain-invariant features but require alignment between
observation spaces and are not designed for tasks with non-Markovian reward signals.

Meta-learning approaches such as MAML (Finn et al., 2017) and related approaches (Wang et al., 2016a)
learn fast-adapting initializations but require a distribution of training tasks rather than a single source
environment. None of these methods transfer without some form of state-space alignment, and none exploit
a shared formal task speci�cation as the transfer medium.

The reward machine (RM) framework (Icarte et al., 2018; 2022) is the standard formalism for non-Markovian
reward signals in RL, and our method builds directly on it. However, existing RM-based methods di�er from
ours in important ways. CRM (Icarte et al., 2022) improves data e�ciency by relabeling transitions with
counterfactual RM states, generating additional training signal within a single environment. It does not
transfer knowledge from a teacher and provides no mechanism to bootstrap learning in a structurally di�erent
target domain. Automaton-guided reward shaping (Camacho et al., 2017; 2018; 2019) and CPREP (Azran
et al., 2024) incorporate prior knowledge by modifying the reward signal. Both assume the source and target
environments share su�cient dynamics for the shaped reward to remain valid, an assumption that breaks
down in cross-domain settings, as our Gold Mine and discrete-to-continuous results demonstrate.

The critical technical distinction is where prior knowledge enters the learning process. Reward shaping
and CPREP modify the reward term permanently; our method modi�es the TD target directly in the loss
function via a per-transition annealing coe�cient � in Equation (4). As the student accumulates experience
on each automaton transition, � decays toward zero and the update reduces to standard DQN or TD3.
This allows the student to override poor teacher estimates without residual interference, a property reward
shaping methods do not possess.

5 Experimental Evaluation

We evaluate automaton distillation across two categories of environments: structured gridworld tasks with
discrete and continuous variants, and continuous control benchmarks. Our evaluation is designed to answer
three questions: (i) Does automaton distillation reduce the steps required to reach near-optimal performance
compared to reward-machine transfer baselines?(ii) Does dynamic transfer outperform static transfer, par-
ticularly when automaton trace length misrepresents actual task di�culty? (iii) Does the method remain
e�ective when the teacher and student operate in structurally di�erent environments, including di�erent
state-action spaces and di�erent physical dynamics?
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