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Abstract

Non-Markovian Tasks (NMTs) are distinguished by their de-
pendence on long-term memory and state-dependent dynam-
ics, setting them apart from the traditional Markovian models
typically employed in Reinforcement Learning (RL). NMTs
not only suffer from reward sparseness but also rely on histor-
ical information, making their resolution considerably more
challenging. In this paper, we propose a novel RL framework
TANMTD (Transition-centric framework for NMT Decom-
position), designed specifically for learning NMTs which are
specified by temporal logic. The core of TANMTD is a task
decomposition mechanism along with a parallel training ap-
proach for NMTs. An NMT is first decomposed as basic units
based on the transitions of the automata which are derived
from temporal logic formulae. The units are then modular-
ized into sub-tasks according to their semantic similarity un-
der logical interpretation. The training strategy of TANMTD
adopts a dual-level structure: the high-level learns to shape
the boundaries and coordinate arrangement of the sub-tasks
from a global perspective, while the low-level learns those
sub-tasks in parallel. In addition, we invent a dynamic pol-
icy intervention scheme to mitigate the policy myopic issue
during parallel training. A comprehensive evaluation is con-
ducted on benchmark problems with respect to various met-
rics. The experimental results demonstrate that TANMTD ef-
fectively addresses NMTs, achieving significant performance
improvements compared with related studies.

Code — https://github.com/syemichel/TANMTD

Introduction

Reinforcement Learning (RL) is a well-known paradigm for
autonomous decision-making in complex and unknown en-
vironments (Sutton and Barto 2018). It is used to help agents
learn a policy in pursuit of goals, from trial-and-error expe-
riences towards maximizing long-term rewards. In most RL
settings, Markov Decision Processes (MDPs) serve as the
mathematical foundation, where the reward at each time re-
lies only on the current state and action. Nevertheless, in the
real-world scenario, there are many complex tasks whose
behaviors are deeply reflected over historical sequences of
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states and actions. Such tasks are known as Non-Markovian
Tasks (NMTs). As an example, an autonomous taxi may
pick up passengers and subsequently deliver them to their
respective destinations. Most of the state-of-the-art RL algo-
rithms that attempt to learn NMTs without realizing that they
are non-Markovian will display sub-optimal behaviors since
there is little guidance for their relatively myopic lookahead
(Camacho et al. 2017).

Applying RL to NMTs has gained a lot of attractions re-
cently. Most studies employ Linear Temporal Logic (LTL)
(Pnueli 1977) or its variants as high-level languages to spec-
ify temporal dependencies in NMTs. Researchers typically
derive reward functions from automata structures through
LTL-to-automaton translation, thereby providing suitable
guidance for RL agents. However, challenges such as sparse
reward signals and long-term decision dependencies still
hinder effective exploration of future states, leading to pro-
longed training times or even task failure.

In order to overcome the above problems, we propose
a novel RL framework for dealing with NMTs speci-
fied by temporal logic formulae, referred to as TANMTD
(Transition-centric framework for NMT Decomposition).
The major contribution of TANMTD is to introduce a task-
decomposition module and a parallel-training module in tra-
ditional RL settings. The former module is responsible for
decomposing an NMT into simpler sub-tasks, while the lat-
ter one is used to learn the sub-tasks in a parallel man-
ner. What we mean by “transition-centric” is that the task-
decomposition module is based on automata transitions con-
structed from temporal logic specifications. The parallel-
training module adopts a hierarchical learning strategy, in-
cluding the coordination of sub-tasks (high-level) with their
realizations (low-level).

Related Work

The work in (Camacho et al. 2018) introduces a means
of specifying non-Markovian rewards, expressed in LTL
(Linear Temporal Logic over finite traces) (De Giacomo
and Vardi 2013). Non-Markovian reward functions are en-
coded as automata representations, and off-the-shelf MDP
planners leverage these reshaped automata-based rewards to
guide their search process. This approach is quite limited,
as it lacks extensibility to continuous domains. (Icarte et al.
2022) propose a more generalized form of NMTs, referred



to as reward machines, which are inherently a special kind
of finite state automaton. Various methodologies based on
Q-learning and Hierarchical RL (HRL) are leveraged to co-
operate with reward machines, including automated reward
shaping, task decomposition, and counterfactual reasoning
for data augmentation. However, the authors acknowledge
a primary drawback that reward shaping in their approach
does not help in continuous domains. Using a similar for-
mal specification to LTL f, the Logical Specifications-guided
dynamic Task Sampling (LSTS) (Shukla et al. 2024) em-
ploys an adaptive teacher-student learning approach to ad-
dress tasks with temporal dependencies. LSTS makes steady
advances by systematically progressing through each sub-
task, with every step bringing it closer to the final objectives
defined in the DAG (Directed Acyclic Graph) structure cor-
responding to the specification. DIRL (Jothimurugan et al.
2021) is a compositional RL approach to learn NMTs by
leveraging the DAG structure. DIRL utilizes Dijkstra’s algo-
rithm to prioritize sub-tasks (edges in the DAG) for explo-
ration, aiming to learn policies that maximize success rates
in reaching specific nodes. It depends on manually specified
interaction limits for each sub-task, requiring prior knowl-
edge of task complexity.

A model-free RL algorithm is presented in (Hasanbeig,
Kroening, and Abate 2023), that enables the use of LTL to
specify a goal for unknown continuous-state/action MDPs.
An LTL specification is converted to a Limit Deterministic
Biichi Automaton (LDBA) and synchronised on-the-fly with
the agent/environment. The authors develop a modular Deep
Deterministic Policy Gradient (DDPG) framework designed
to produce a control policy that maximizes the probability
of the given LTL specification. This synchronisation process
automatically decomposes a complex global task into sub-
tasks, effectively mitigating the problem of reward sparsity.
The literature (Voloshin et al. 2022) studies the problem of
policy optimization with LTL constraints. A learning algo-
rithm is derived based on a reduction from the product of
MDP and LDBA to a reachability problem. This approach
enjoys a sample complexity analysis for ensuring task satis-
faction and cost optimality. Analogously, an RL framework
is presented in (Bozkurt et al. 2020) to synthesise a control
policy from a product of MDP and LDBA. The novelty of
the framework is to introduce a novel rewarding and dis-
counting scheme based on the Biichi acceptance condition.

Preliminaries
Linear Temporal Logic over Finite Traces

LTL is a variant of LTL concentrating on expressing tem-
poral properties over finite traces. In this paper, LTL is em-
ployed to specify NMTs. Let AP be a set of atomic propo-
sitions. The syntax of LTL is defined as follows:

pu=plop 1 Aoz | Op | p1Ups

where p € AP is an atomic proposition, ()(next) and
U(until) are temporal operators. Propositional binary con-
nectives V, —, <> and boolean values T (true), 1 (false) can
be derived in terms of basic operators. Other temporal op-
erators can also be expressed. For example, {(eventually)
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and O(always) are defined by: O = TUp, Oy = =0-p.
(O denotes that  holds in the next state which must exist.
1 Ugo indicates that ¢; holds until 5 is true. ¢y means
that ¢ will eventually hold before or right in the last state.
U represents that ¢ holds along the whole trace.

A state s is a subset of AP that is true, while other propo-
sitions in AP\ s are assumed to be false. The semantics of an
LTL; formula is interpreted over a finite trace 0 = s . . . 5y,.
We say that o satisfies @, written as o = ¢, when 0,0 = .

oil=p iff pes;.

oil=—p i oi .

0-72.':@1/\902 iff U7i':<)01anda7i):g02-
oiEQp iff i<nando,(i+1) k.

0,1 = p1Uypy iff  there exists ¢ < j < n such that
0,5 E v, and o,k |= ¢ foreachi < k < j.
Theoretically, every LTL ; formula can be transformed to
a Deterministic Finite Automaton (DFA) that recognizes the
same language (De Giacomo and Favorito 2021). A DFA is
atuple A = (@, X, 0, qo, F'), where (@ is a finite set of states,
3} is a finite set of input alphabet, § : @ X 3 — (@ is a transi-
tion function, gy € @ is an initial state, F' C () is a set of ac-
cepting states. For a transition 7 = (q,1,q") € ¢, [ is called
the label of 7. Let ~AP = {-p | p € AP} be the set of
negations of the propositions in AP. The transition dynam-
ics of a DFA is defined as finite words or traces over the al-
phabet ¥ = 24PY74P We say that A accepts o = 51 ... 5,,
if there exists p = qq . . . g, such that ¢;11 = d(g;, l;+1) for
0 <i < n, s;+1 satisfies [;11 and ¢, € F. o (or p) is called
an accepting state trace (or DFA trace). The states £ C @
that can never reach F' are regarded as the error states. To
make it more clear, we distinguish s an environment state
and q a DFA state in the sequel.

MDP and NMDP

An MDP M is defined as a tuple (S, A, R, P,~, so). Here, S
is a set of states, A is a set of actions, R : S x A xS — R
is a reward function, P(sty1|st,a:) € [0,1] is a transition
probability distribution over the set of next states, given that
the agent takes action a; in state s; at step ¢ and reaches state
St+1, 7y 18 the discounted factor, sg € S is the initial state.

MDPs are limited in expressiveness due to its memo-
ryless feature, while Non-Markovian Decision Processes
(NMDPs) are more powerful by extending MDPs with non-
Markovian rewards, which is suitable for modeling NMTs
(Thiébaux et al. 2006). An NMDP is a tuple NM
(S, A, R, P,v,s0), where S, A, P,~,so are the same as
those in an MDP. The only difference is the reward func-
tion R, which is defined as (S x A)* — R. This function
indicates that non-Markovian rewards are governed by a fi-
nite sequence of states and actions (memory). Consequently,
LTL is a perfect match with non-Markovian rewards, which
is defined in terms of a pair R = (¢, 1), where ¢ is an LTL ;
formula (reward formula) and » € R is the associated re-
ward.

Since the standard formulation of RL is based on MDP,
advanced RL algorithms cannot be directly used to learn
NMTs modeled by NMDP. To address this problem, anal-
ogous to priori researches, we apply a synchronisation
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Figure 1: An overview of TANMTD framework

technique to generate a product of an NMDP and an
LTL; formula (in fact a DFA) in a on-the-fly fashion.
Given an NMDP NM (S, AR {p, 1), P,7, s0)
and a DFA A = (Q,%,9,qo, F') with respect to the re-
ward formula ¢, the converted MDP is a product M® =
(S®,A,R®, P® ~,sy), where S¥ = S x @ and s§
(50,q0). For s® = (s,q) € S%®, s is the state ingredient of
s%®, and q is the DFA ingredient of s®. The reward function
is defined as:

i
R anst) =

sir1 = (Se41,@111) »qep1 € F

, otherwise

which means that the agent receives a reward r only when
the DFA ingredient of sﬁl is an accepting state. The tran-
sition probability P® (s, | 5§, a;) equals P(si41 | 8¢, ar)
if there exists a possible DFA transition enabled by s; from
the DFA ingredient of s{’ to that of s;°, ;, and 0 otherwise,
which is formalized below:

P®(5?+1 | Sz?aat) =

P(3t+1 | 5t7at>7 87(? = <St,Qt>7SZ®+1 = <St+1,Qt+1>7
e X:{q,l,q+1) € 0, s, satisfies |
0, otherwise

Transition-Centric RL Framework for
Learning Non-Markovian Tasks

Figure 1 depicts the overall workflow of TANMTD, which
consists of four key components: Decomposer, Coordinator,
Learner, and Environment.

The Decomposer is responsible for modularizing NMTs
into a group of sub-tasks, which enables the framework to
tackle intricate temporal dependencies through a divide-and-
conquer paradigm. Intuitively, it clusters semantically simi-
lar transitions into individual sub-tasks.

The Coordinator and the Learner together form a hier-
archical learning structure. At the lower level, the Learner
assigns a dedicated sub-learner to each sub-task. Each sub-
learner maintains its own environment. A policy intervention
mechanism is introduced during the parallel training pro-
cess in order to mitigate the issue of myopic learning. At
the higher level, the Coordinator serves as a global decision-
maker, orchestrating the scheduling of the sub-tasks.
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Unlike conventional RL environment setup, the Environ-
ment is uniquely characterized by its initial state buffers.
They are used to store environment states that designated as
initial states for sub-learners, allowing them to initiate inter-
actions from appropriate starting points rather than always
from the environment’s default initial state.

Task Decomposition

The foremost step of TANMTD involves task decomposi-
tion. Given an NMT specified by an LTL ; formula, we first
translate it into a DFA A = (Q, X, 4, qo, F') with E denot-
ing the set of error states. The intuition behind the decom-
position is that the transitions of A that share a common
element in their labels are categorized into a single sub-task.
The number of sub-task categories stems from the total num-
ber of positive and negative propositions appearing in the la-
bels of § without self loops. Formally, the set of decomposed
sub-tasks is givenby 7 = {7, | Ir € d : 7 = (q,1,¢'),q #
¢, € 1}, and ¢ is called the pid of 7T,. For example, as il-
lustrated by the DFA in Figure 1, there are three sub-tasks
whose pids are p;, p2 and p3 respectively.

Each transition is classified by the decomposing map-
pingD : 6 — T,definedas D(7) = {7, | I : 7 =
(g,1,¢'),v € l}. The sub-task 7, in Figure 1 contains the
transitions (g1, 1 A p3,qa), (q2,p1,¢5) and (g3, p1,qa) that
share the proposition p;. In the worst case, decomposing an
NMT may result in a number of sub-tasks that is up to twice
that of the propositions in the corresponding LTL ; formula.
The complexity grows linear in the number of propositions,
and thus computationally manageable. Note that a transition
may be associated with different sub-tasks. In the DFA of
Figure 1, the transition (q1,p1 A ps,qs) has dual member-
ships in the sub-tasks 7,, and 7,,. Through this categoriza-
tion, transitions within each sub-task possess a common ob-
jective, i.e., manipulating the truth value of a specific propo-
sition. Therefore, this objective reflects semantic similarity,
which brings two advantages. On the one hand, it improves
sample efficiency when learning a sub-task. One the other
hand, it facilitates better transfer performance when adapt-
ing to new NMTs.



Algorithm 1: Pseudo-code for TANMTD
Input: 7, M®, A

I: {6.(a]s®),Q(s®,a),B.=0,R.=0|T. €T}
2: Q=Q x T x{—00}

3: for 7, in 7 do

4: create and start a thread SL(7,, M®, A)

5: end for

6

: return (U .70, Q)

Algorithm 2: Pseudo-code for Sub-task Learning (SL)

Input: 7,, M®, A
1: s¥ < (s1,q1) € B,

2: fort < 1 to total_steps do

3: choose action a; ~ ©,(s9)
4: take a;, observe sﬁl = (S¢+1, qe+1) and receive 7y
5 reshape reward r: <« (r: + vp(ge+1) — plqe)) -

1o 1 €Qiargetan)

6: save experience (s, ar, e, S¢y1) in R,

7: if gr+1 € Qtarget(qe, To) and qiq1 ¢ F then save s, in
B, with 7,/ ~ S(Q, Qt+1)

8: if ¢t # gi+1 then Q(qe, 1) < Qq:,T.) + a(r: +
'ymaxTL/ Q(qt+1a 7:/) - Q(qt7 7:))

9: if gt11 € Qrarget(qe,T.) Or gt41 € FE then s?ﬂ —

<St+1,Qt+1> € Bb
10: if ¢ mod update_interval = 0 then

11: sample experience batch { (s, ai, 7,55, ) }i:1 N
from R,
12: calculate critic loss Lg, = % Z:.L(QL(SZ@, a;) — (r; +

Y (5317 ai+1)))2 with 7,y ~ £(Q, qi+1) if ¢i # g1 and
gi+1 ¢ FUEelse) =1

13: calculate actor loss Le, = f% > log(@L(a¢|sl®)) .
Q2 (81®7 a‘i)

14: update networks ©, and €2,

15: end if

16: end for

Hierarchical Learning

In the next phase, sub-tasks are learned in parallel. The
pseudo-code for TANMTD is shown in Algorithm 1, which
is built on an actor-critic RL procedure.

The input comprises a set of decomposed sub-tasks 7, a
product MDP M® = (S® A R® P® v,s{), and a DFA
A corresponding to a given NMT. At the beginning, line 1
initializes an actor and a critic networks ©,, €2,, an initial
state buffer 3, and an experience buffer R, for each sub-task
T, € T. In addition, a dictionary Q is initialized represent-
ing the Q-values by mapping a pair (g, 7,) to an associated
value, where ¢ € Q, 7, € 7. In short, Q is used to evaluate
the expected return of performing a sub-task from certain
DFA state. Details on how Q is computed will be provided
later. Lines 3-5 launch parallel learning for all sub-tasks,
each running in its own thread. Finally, the global policy can
be adaptively synthesized from sub-policies, guided by high-
level decisions, i.e., Q.

The notation Qarget (g, 7,) denotes the target DFA states
that refer to the possible successor DFA states from g,
reached after enabling the transitions in 7, during training.

More precisely, Qtarget(q, 7,) is formalized as {¢' | 37 €
T, :7=(q,1,q")}. Algorithm 2 describes a single sub-task
learning thread for 7,. Whenever resetting (lines 1 and 9), a
state is sampled from the initial state buffer B, to initialize
the environment.

In line 5, we adopt the idea of reward shaping from (Miao
et al. 2024) to augment the learning process with additional
reward signals. Concretely, the reshaped reward function is
defined as:

R® (S§>a Qt, S?—i—l) = R(ng at, S?—Q—l)"‘
(Vp(thrl) - p(qt)) : 1qt+1€Qta,rget(qt77:)

where p(q) = C/(dist(q) + 1) is the potential function for
g€ Q\ F\ E,C is a positive constant, dist(q) is the aver-
age distance from ¢ to accepting states (each transition is
counted as unit distance) and 1, is an indicator function
which equals 1 if * is true and O otherwise. The potential
value of ¢ € Fand g € Eis setto C and C/(Dpee + 1)
respectively, where D, ., denotes the maximum such dis-
tance across all states. Intuitively, the smaller dist(q) is, the
higher the completion degree of the NMT is roughly consid-
ered.

If the current DFA state transitions to a target DFA state
(line 7), the next environment state is stored in a selected
initial state buffer ,,, which is sampled using the e-greedy
strategy:

7:1?+1 = {77’ | I S 7:’772’ S T LT = (qt+1al7q)aL/ S l}
argmaxy,ere  Q(q+1,7r),1 —€

72/ ~ E(Q,Qt-H) - € qt+1. o

random sampling from 7_2 e

qt+17

B, satisfies the condition that performing its correspond-
ing sub-task 7,/ from q;11 yields the highest Q-value. The
selection of B, is crucial to ensuring that each sub-learner
operates within its own isolated environment. Again, when a
transition occurs, regardless of which sub-task it belongs to,
the Q-value of Q(g;, 7,) is updated according to the standard
Q-learning update rule in line 8. The sub-learner is able to
progressively refine its understanding of which sub-tasks are
most valuable to perform in different DFA states, ultimately
leading to more effective hierarchical decision making.

Lines 10-15 implement the actor-critic training procedure
for 7,. It is worth noting that the loss calculation for the
critic networks fundamentally differs from that of standard
actor—critic algorithms. The key innovation lies in the intro-
duction of dynamic policy intervention, where action-value
estimation integrates values from other sub-task networks.
Without loss of generality, given an experience (s? =
(St,qr), ap, T4, sfﬂrl = (St+1, ¢t+1)), the temporal difference
error is:

Q, (51?7 at) - (rt +vQy (S?er at+l))

where ¢/ is dynamically determined by £(Q, g;+1) when a
DFA state transition in 7, occurs, and set to ¢ otherwise. We
aim to address a major limitation: each sub-learner can only
collect experiences within its own horizon and cannot ac-
curately evaluate action-values in the contexts of other sub-
tasks, resulting in myopic policies. The policy intervention



propagates action-values from closely related sub-learners,
thereby assisting each sub-learner in training a more far-
sighted policy. Consider the DFA in Figure 1, the transi-
tion (q1, ps, g2) is part of the sub-task 7,,. Suppose that the
thread of 7,, has just triggered that transition and generated
an experience (s§° = (sy, q1), ar, 74, Sgyq = (Se41,G2)). Be-
fore calculating the loss, we do the sampling 7, ~ £(Q, g2).
Since there are two transitions from g2, i.e., (¢2,p1,q5) €
Tp, and (g2, p2,q4) € Tp,, it follows that the loss update of
., depends on either (2, or {2, at this step. The larger one
between Q(gz, p1) and Q(ga, p2) determines the subscript of
the network.

Evaluation

We implement TANMTD as an open source tool built on
top of Stable-Baselines3 (SB3) library (Raffin et al. 2021).
Concretely, we utilize SAC (Soft Actor-Critic) (Haarnoja
etal. 2018) and PPO (Proximal Policy Optimization) (Schul-
man et al. 2017) from SB3 to perform the evaluations, with
SAC applied to continuous environments and PPO to dis-
crete ones. The hyperparameters of SAC and PPO are con-
figured by default in SB3.

Experiment Setup

Empirical evaluations were performed on four benchmark
problems: Waterworld, Halfcheetah, Racecar, and Frozen-
lake. The first three environments have continuous spaces,
whereas Frozenlake features discrete ones.

We randomly generate maps for Waterworld within a
30 x 30 bounded square, where each map contains balls of
different colors positioned at various locations with different
velocities. Halfcheetah features a 2D robot with 9 links con-
nected by 8 joints, where the agent controls joint forces to
move the robot forward or backward along a track of length
30. Racecar involves navigating a race car around a circu-
lar track with radius 50, where the car must reach different
targets in a specified sequence. Frozenlake presents an 8 X 8
grid world where the agent must transport appropriate pas-
sengers to designated locations.

The problems are augmented with several sophisticated
NMTs, which are listed in Table 1 (see a more complete ver-
sion in the Technical Appendix). We take Taskl and Task7
as examples to explain the meanings of the tasks. Taskl re-
quires the agent to touch the colored balls in two strict se-
quential orders: first red (r), then blue (b), then green (g),
and first black (B), then white (W), then grey (G). Task7
requires guiding one of the three passengers (p1, p2 or p3)
to the goal, without guiding any two of them simultane-
ously. Note that the major difference between Tasks 1-4 and
Tasks 5-6 is whether the subgoals are finished in a strict or-
der or not (strict then/then). We exploit the open source tool
LTL ;2DFA (Fuggitti 2019) to translate LTL; formulae into
DFAs. The last column shows the number of DFA states (#S)
and transitions (#T) corresponding to NMTs.

A reward of 100 will be received if an NMT is completed.
Following the standard training process, a policy is evalu-
ated periodically at fixed intervals. To better reflect the opti-
mization trend of the policy, we modify the reward function
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Environment ~ NMT Description #S/#T
Wat 1d Task1: (r strict-then b strict-then
aterwor g) and (B strict-then W strict- 17/65

(continuous)

(Karpath then G)

20?2138‘ y Task2: (r then b then g then p) 26/106
and (B then W then G then Y)

Halfcheetah ;l}‘lzz:snki; hg4 strict-then hs strict- s/11

(continuous) Taskd4: (hy strict-then hg strict-

(Icarte et al. .

2022) then ho) or (ho strict-then hs 9/25
strict-then hy4)

Racecar TaskS: g; then g» then g3 then g4 5/16

(continuous) Taské: (g1 then g2 then g3 then 18/69

(IPPC2023) ga) or (g4 then g3 then g» then g1)

Frozenlake Task7: guide one of {p1, p2,ps} 6/26

(discrete) to g, one at a time

(Brockman Task8: guide one of {p1,p2} to 11/47

etal. 2016) g1 and p3 to g2, one at a time

Table 1: Descriptions of the NMTs for Waterworld,
Halfcheetah, Racecar, and Frozenlake

only in the validation phase:

R(S?a G, Sg%l) = (p(qt+1) - p(qt)) : 1Qt+1¢E

where ¢;11 ¢ F is a condition used to check whether an
error state is reached. In this way, a higher reward indicates
a higher degree of task completion.

Experimental Results

In the first experiment, we compare the performance of
TANMTD with six relevant works (baselines), i.e., Mod,
QRM, HRM, HDQN, LSTS and DIRL. Mod denotes Mod-
ular DDPG, which is the modular architecture in (Hasan-
beig, Kroening, and Abate 2023). QRM and HRM refer to
Q-learning for Reward Machines and Hierarchical RL for
Reward Machines proposed in (Icarte et al. 2022). HDQN
is a typical and well-established HRL algorithm (Kulkarni
et al. 2016). LSTS is also an HRL approach specifically de-
signed for NMTs (Shukla et al. 2024), and is the one clos-
est to ours. DIRL is a compositional learning approach for
NMTs using DAG structures (Jothimurugan et al. 2021). We
train each NMT with the above methods, repeating 10 times
and collecting the average performance. Note that the reward
shaping technique of TANMTD is applied to the baselines as
well for fair comparison.

Figure 2 shows the comparison results on convergence
rate. The horizontal axis represents the training time, and
the vertical axis denotes the average rewards per episode. In
summary, the reward curves of TANMTD are the best for all
NMTs, substantially outperforming the baselines. This high-
lights its superior performance in both discrete and contin-
uous environments. In comparison, although the baselines
exhibit gradual upward trends in their reward curves, they
fail to converge within the time limit on most NMTs.

The performance of QRM and HRM are unsatisfactory.
This is attributed to the counterfactual reasoning employed
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Figure 2: Comparison with baselines on convergence rate

in both methods, which generates inaccurate experiences
and reward signals. As a result, these inaccuracies are detri-
mental to guiding the training process and ultimately impair
the learning performance. HDQN adopts a two-level hier-
archical structure similar to ours, in which the high-level
network learns a policy over sub-goals and the low-level
network learns policies to accomplish each sub-goal. The
difference is that we have multiple learners at low-level,
whereas HDQN uses only one. The decomposed sub-tasks
are regarded as the sub-goals in HDQN. Obviously, the low-
level network of HDQN must handle many sub-tasks which
is not a trivial work. The results show that HDQN is prone
to producing suboptimal policies across different sub-tasks.
LSTS displays consistently poor performance for all NMTs.
The underlying reason is that LSTS, which is based on the
teacher-student architecture, treats each DAG edge as a sep-
arate sub-task. The NMTs in the experiments are too com-
plex for LSTS, featuring an excessive number of transitions.
Moreover, LSTS focuses on learning policies for promising
sub-tasks which are thought to be easier to take a step for-
ward, but lacks an effective coordination mechanism among
sub-policies. Similar to LSTS, an DAG edge is considered as
a sub-task in DIRL, but does not employ hierarchical learn-
ing technique. DIRL suffers from the same challenge of ex-
cessive transitions when dealing with complex NMTs. Mod
only achieves much better performance than other baselines
on Tasks 1-4, benefiting from its modularized architecture
which is well-suited to NMTs with automata structures. Mod
decomposes NMTs based on automata states, each of which
corresponds to a sub-learner. There are two main factors
why TANMTD outperforms Mod. (1) Despite being mod-
ularized, Mod does not develop a parallel training process.
(2) Mod encounters a similar issue to that faced by LSTS
and DIRL, i.e., the number of sub-tasks is so large that it
inevitably leads to computational bottlenecks.

Furthermore, although TANMTD adopts a parallel train-
ing style, it does not necessarily imply that TANMTD re-
quires more experiences to learn NMTs, contrary to com-
mon intuition. To assess TANMTD’s performance in this re-
gard, we compare its sample efficiency with that of the base-
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Approach Taskl Task2 Task3 Task4
T4NMTD 0.8+0.1/100 1.5+0.1/100 1.3+0.1/100 1.5+0.2/100

HRM 2.0/0 3.0/0 4.0/0 4.0/0

QRM 1.3+0.1/100 3.0/0 4.0/0 4.0/0

LSTS 2.0/0 3.0/0 1.3+0.1/100 3.1+0.6/100
HDQN  1.8+0.1/30 3.0/0 4.0/0 2.5+0.7/60
MOD 0.8+0.1/100 1.9+0.2/100 1.4+0.2/100 2.0£0.1/100
DIRL 2.9+0.1/20 3.0/0 3.5+0.7/100 3.7+0.9/100

Task5 Task6 Task7 Task8
TANMTD 1.1+0.3/100 2.5%0.4/100 4.4+0.8/100 4.9+0.3/100

HRM 2.3+0.5/40 4.0/0 19.1+0.9/10 20.0/0
QRM 2.5+0.4/16 4.0/0 20.0/0 20.0/0
LSTS 3.0/0 4.0/0 20.0/0 20.0/0
HDQN  3.0/0 4.0/0 20.0/0 20.0/0
MOD 3.0/0 4.0/0 20.0/0 20.0/0
DIRL 2.8+0.2/33 4.0/0 20.0/0 20.0/0

Table 2: Comparison with baselines on sample efficiency.
Values represent #interactions (x 10°) / success rate (%).

lines, as reported in Table 2. Surprisingly, TANMTD learns
successful policies with the fewest interactions across all
NMTs, while maintaining a perfect 100% success rate com-
pared to baselines. Each sub-learner maintains relatively in-
dependent environment states, avoiding exploration of irrel-
evant states from other sub-tasks. This eliminates unneces-
sary interactions and allows it to focus exclusively on task-
relevant state spaces. Additionally, the policy intervention
mechanism facilitates timely value propagation, preventing
excessive policy updates that may cause training instability.

The second experiment is conducted to demonstrate the
effectiveness of the task decomposition mechanism. We in-
troduce a baseline that randomly partitions DFA transitions
into different sub-tasks, referred to as “random”, while keep-
ing the number of sub-tasks unchanged. The comparison
results are presented in Figure 3. The task decomposition
indeed helps improve the performance of TANMTD and
achieves higher convergence efficiency. This is due to the
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Figure 4: Comparison between TANMTD with and without
policy intervention

fact that our classification is inherently semantic, i.e., transi-
tions within a sub-task share a similar or an identical objec-
tive. The boundaries between sub-tasks are relatively well-
defined and narrow. The effect is particularly pronounced in
Task8, where the reward curve drops sharply when sub-tasks
are randomly grouped. In addition to the aforementioned
reason, we speculate that forcing transitions with significant
differences into the same sub-task may produce conflicting
optimal policies. In this case, an environment state could sat-
isfy contradictory truth values for a proposition, thereby sub-
stantially amplifying the learning difficulty.

The third experiment aims to answer the question: Does
the policy intervention effectively mitigate the myopic is-
sue? No intervention (named NI) indicates that each sub-
task relies on itself during policy updates. We compare it
with TANMTD in Figure 4, and the results provide a posi-
tive answer. The observed performance degradation across
all NMTs in the absence of policy intervention validates the
effectiveness of our approach. Without policy intervention,
each sub-learner optimizes its own sub-task policy indepen-
dently, disregarding global considerations. The environment
states achieved by finishing a transition in a sub-task may be
unsuitable or even infeasible for initializing subsequent sub-
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Figure 5: Transfer learning vs. From-scratch learning on
convergence rate

tasks, creating a misalignment between sub-task boundaries.

The final experiment is designed to test the transfer
learning performance of TANMTD. In fact, propositions in
states reflect the status of an environment, and they play a
central role in expressing the state-level semantics of NMTs.
Therefore, TANMTD may adapt to task transfer more effi-
ciently by leveraging the previously trained low-level sub-
learners from prior sub-tasks. To evaluate this hypothesis,
we examine four scenarios in which the NMTs are altered
after their previous counterparts have converged (still in the
same domain, e.g., Task1 transfers to Task2 and vice versa).
Only the low-level networks remain unchanged, while the
initial state buffers, replay buffers and the high-level O
are reinitialized. The results are shown in Figure 5, where
“transfer” refers to the transfer reward curve. Not surpris-
ingly, we observe that TANMTD achieves better transfer
learning performance in all scenarios, with learning curves
surpassing training from scratch. The convergence rate im-
proves by over 2.67x, where convergence is rigorously de-
fined as achieving 100% success rate with stable policy
lengths (std < 10%) over five consecutive runs.

Summary and Discussion

Learning an NMT is challenging since an agent receives in-
creasingly sparse rewards for complex, temporally-extended
behaviors. In this paper, we propose a novel RL framework
TANMTD for parallel and modularized learning of NMTs.
We specify NMTs using the formal language LTL ;. Based
on the DFA structure transformed from LTL y, TANMTD de-
composes an NMT into multiple sub-tasks which are effec-
tively learned in a well-designed parallel training paradigm.
The experimental results on benchmark problems demon-
strate the effectiveness and feasibility of TANMTD, show-
ing significant improvements in convergence rate and sam-
ple efficiency versus related studies. In addition, preliminary
results show that our approach has good transferability. Fu-
ture work will focus on further exploiting the transferability
of TANMTD to enhance learning efficiency across loosely
related NMTs, as well as applying it to a wider range of sce-
narios and domains to demonstrate the robustness.
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