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Abstract

In this paper, we tackle the challenging problem of delayed rewards in reinforcement learning (RL).
While Proximal Policy Optimization (PPO) has emerged as a leading Policy Gradient method, its
performance can degrade under delayed rewards. We introduce two key enhancements to PPO:
a hybrid policy architecture that combines an offline policy (trained on expert demonstrations)
with an online PPO policy, and a reward shaping mechanism using Time Window Temporal Logic
(TWTL). The hybrid architecture leverages offline data throughout training while maintaining
PPO’s theoretical guarantees. Building on the monotonic improvement framework of Trust Re-
gion Policy Optimization (TRPO), we prove that our approach ensures improvement over both the
offline policy and previous iterations, with a bounded performance gap of (2sya?)/(1—+)?, where
« is the mixing parameter, v is the discount factor, and ¢ bounds the expected advantage. Addition-
ally, we prove that our TWTL-based reward shaping preserves the optimal policy of the original
problem. TWTL enables formal translation of temporal objectives into immediate feedback signals
that guide learning. We demonstrate the effectiveness of our approach through extensive exper-
iments on an inverted pendulum and a lunar lander environment, showing improvements in both
learning speed and final performance compared to standard PPO and offline-only approaches.
Keywords: Policy Gradient Methods, Behavior Cloning, Temporal Logic, Reward Shaping, and
Trajectory Prediction.
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1. Introduction

Reinforcement learning (RL) in environments with delayed rewards presents a fundamental chal-
lenge: actions that lead to successful outcomes may not receive immediate positive feedback, mak-
ing it difficult for learning algorithms to identify and reinforce beneficial behaviors. This challenge
is particularly acute in complex games like soccer, where the value of tactical decisions (e.g., pass-
ing plays) may only become apparent after multiple time steps later through their impact on strategic
outcomes (e.g., scoring opportunities). Policy Gradient (PG) methods, particularly Proximal Policy
Optimization (PPO) Schulman et al. (2017), have demonstrated remarkable success in RL tasks.
PPO’s effectiveness stems from its optimization of a surrogate objective that provides stable pol-
icy updates while maximizing expected rewards. However, in settings with delayed rewards, even
PPO’s carefully constructed optimization landscape becomes difficult to navigate, as the temporal
gap between actions and their consequences creates a sparse and uninformative gradient signal.

Our work addresses these challenges through three main contributions. First, we introduce a
hybrid policy architecture that combines an offline policy (trained on expert demonstrations) with
an online PPO policy. Unlike previous approaches that use offline data merely for initialization Nair
et al. (2020); Ross and Bagnell (2012); Schmitt et al. (2018); Chen et al. (2021); Kumar et al. (2020),
our method maintains the offline policy as an active guide throughout training. We prove that this ar-
chitecture guarantees monotonic improvement over both the offline policy and previous iterations.
Second, we develop a reward-shaping mechanism using Time Window Temporal Logic (TWTL)
Vasile et al. (2017) that provides immediate, semantically meaningful feedback while preserving
the optimal policy of the original problem. This approach bridges the temporal gap in the reward
signal by formally encoding desired temporal behaviors. Third, we extend existing convergence
proofs for actor-critic methods to handle our hybrid architecture and reward shaping mechanism,
providing theoretical foundations for our approach. Our analysis demonstrates that the proposed
method maintains PPO’s convergence properties, while accelerating learning in delayed-reward set-
tings.

Related work. Our work builds upon three research directions: policy optimization, temporal
logics in RL, and offline RL. In policy optimization, Trust Region Policy Optimization (TRPO)
Schulman et al. (2015a) and PPO Schulman et al. (2017) provides stability guarantees. However,
these methods, while effective for standard RL tasks, do not specifically address the challenges of
delayed rewards. Our work extends PPO by incorporating temporal logic guidance and offline data
while preserving its theoretical guarantees.

Most of the works that have investigated the use of temporal logics (TL) in RL primarily focus
on task specification Asarkaya et al. (2021); Cai et al. (2023); Icarte et al. (2022); Xu et al. (2020);
Neider et al. (2021); Alshiekh et al. (2018); Balakrishnan and Deshmukh (2019); Li et al. (2017);
Aksaray et al. (2016). TLs formalize high-level tasks into propositional and temporal constraints
Baier and Katoen (2008), with some, like Time Window Temporal Logic (TWTL) Vasile et al.
(2017); Ahmad et al. (2023), handling delayed rewards through temporal constraints Aksaray et al.
(2016); Balakrishnan and Deshmukh (2019). TWTL’s clear syntax efficiently expresses sequential
tasks. In Asarkaya et al. (2021), a Q-learning algorithm learns an optimal policy for TWTL-modeled
tasks while maximizing external rewards. Our approach differs by actively using TWTL for reward
shaping while maintaining optimality guarantees. Recent works like Cai et al. (2023) and Icarte
et al. (2022) have shown promising results in combining TL with deep RL, but primarily focus on
task specification rather than reward shaping.
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In offline RL, the authors of Ball et al. (2023) developed an algorithm that has shown the benefits
of learning from demonstrations, but typically treats offline data as a fixed dataset rather than an
active component of the policy. In Hu et al. (2023), the policy chooses between an imitation learning
(IL) policy, trained offline, and an online RL policy based on the action with a higher Q-value. Our
work differs in that we consider the choosing mechanism as a learnable parameter in the context of
deep RL.

Paper structure. The rest of the paper is organized as follows. Sec. 2 contains definitions
and preliminaries. In Sec. 4, we formally state the problem of learning with delayed rewards
using TWTL specifications. Sec. 4 introduces our main theoretical contributions: the hybrid policy
architecture and TWTL-based reward shaping, along with convergence guarantees. In Sec. 5,
we present our case study using some benchmark gymnasium environments Towers et al. (2023),
namely the inverted pendulum and the lunar lander, including the task predictor architecture and
experimental results. The paper concludes with a discussion of limitations and future work in Sec.
6.

2. Preliminaries

Finite-horizon Markov Decision Process (MDP)

Definition 1 A finite horizon MDP is a tuple (X ,U,p(-|-,-),r(-,-),1(.), D), where X, U and O
are the state, control, and output spaces, respectively; p(-|-,-) is the state-action pair transition
probability; v : X x U + [0, 1] is the reward function; and | : X — O is a labeling function that
maps the state to an output observation.

We denote a state trajectory of the MDP as x; ;1 n := 2;Zi11...%;ynN, Where z; € X and
i € N. x;,4n generates a word, 0; ;4N = 0;0i41 ...0;+N, Where 0; = [(z;), where o; € O.
Let m : X — U be a stochastic policy. In an episodic RL setting Sutton and Barto (2018), for K
learning episodes, the state value function and the state-action value, at iteration ¢ of episode k, are
defined, respectively, as follows Schulman et al. (2017):
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where E; is the expectation over the stochastic policy 7. Correspondingly, the advantage func-
tion at iteration ¢ of episode k:

AT () = QP  (w,u) — VM (x) )

quantifies how much better (or worse) an action u is compared to the average action that would be
taken by policy 7 in state . A positive advantage indicates that action w is better than 7’s average
action, while a negative advantage suggests it is worse. This function plays a crucial role in policy
gradient methods by identifying which actions to encourage or discourage during policy updates.

Time Window Temporal Logic We use TWTL to define tasks and to create reward functions
that guide the agent towards specific goals.

An atomic proposition, AP € II (IT is the set of atomic propositions) is true (T) if o := I(x)
satisfies all components of hap(0) > oap, where hap : O — R is a predicate function corre-
sponding to the atomic proposition AP and oap € R?. Otherwise, it is false (_L).
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The syntax of TWTL is defined inductively as ¢ ::= H%|¢py - dold1 V ¢o|[¢][*? Vasile et al.
(2017); where s is either true, T, or an atomic proposition in II; H d is the hold operator where
d € N; - is the concatenation operator; V is the Boolean conjunction operator; || [@:8] is the within
operator, where d, a,b € Z>o and a > b; and ¢ and ¢ are TWTL formulae.

The Boolean semantics over an observation word 0;, ;,, 41,72 € N and ¢; < 4o, are defined
recursively as follows. for the hold operator, o;, ;, = H% < s € oy, Vt € [i1,ia] A (iz — i1 > d);
the concatenation, 0;, i, [= ¢1 * P2 & It =ic)i, iy) 10ir,i F $1} A (0it1i, = ¢2); and the within
operator, 0;, i, = [¢] [0.b] o 3¢t > 4; +a st 0ii+b = @ A (ia — i1 > b). The rest of the semantics
are detailed in Ahmad et al. (2023).

The time horizon of a TWTL formula ¢ represents the minimum time required to evaluate
whether the formula is satisfied. It is defined as follows. |[|¢|| := max{max(||¢1||,||®2]]) -
Lo—given, (I|o1l] + [|@2l] + 1) - Ly=g, .60, - Ly—prag, b - 1414 )1ar1}, Where 1 is the indicator
function.

Example 1 (Lunar Lander) The lunar lander environment from Gymnasium (Towers et al. (2023))
has state X = (pz, Py, Da» Dy, Vs ¥) € RS, with observation o = X, where (pz»Dy) is the position,
(Pa, Py) is the velocity, 1 is the angle, and zp is the angular velocity. The control input space
U consists of discrete commands for the main engine and side thrusters. Based on the environ-
ment’s success criteria, we define the landing task using TWTL: Qranding = [H 10OAPhOVer] [0, 150] .
[H 150APahgn][1007 300] . [H'° AP gescend] [250, 450] . [H5OAP 0] [400, 5001 \i1h predicate functions
with fixed parameters motivated by the environment’s success criteria: hap,...(0) = min{hg —
0.8h0—|py —0.8ho|, 0.1=[py[} = 0; hap,y,, (0) = min{0.2—[ps|,0.1=[¢)|} = 0; haPeeena (0) =
min{—0.2 — py,p, + 0.5,0.15 — [Y|} > 0; and hap,,,,(0) = min{0.1 — |/p2 +p2,0.1 —
[v],1p,<0} > 0. The time horizon ||Pranding|]| = 1403. The formula ¢randing reads: “Within
time 0 and time 150, the lander must be hovering for a 100 time steps (subformula H'°° AP oyer).
Then, within time 100 and time 300, the lander must be aligned with the landing position for a 150
time steps (subformula H'%° AP lign). After ensuring that the lander is aligned, descend and then

dwelling in the landing position.” We use the concatenation operator to ensure the correct landing
sequence, which is, in high level, hovering, aligning, descending, then landing.

A formula is feasible if the time window of each within operator in the formula is longer than
the enclosed task (expressed via the Hold operators) (Definition IV.1 in Vasile et al. (2017)). Let ®
be the set of feasible TWTL formulas.

In the following, we define a TWTL robustness which measures how close or far a sequence
of observations, 0;, ;,, is from satisfying the TWTL task. A positive value indicates task satisfac-
tion, with higher values signifying greater robustness. Conversely, a negative value indicates task
violation Ahmad et al. (2023).

Definition 2 (TWTL Robustness) Given a TWTL formula ¢ and an output word o;, ;, of MDP (Def.
1), we define the robustness degree p(0;, ;,, $) at time O recursively as follows:

004, iy, HIAPA) :=  min  h(o;) if iz — i1 > d, else — oo :
i€[i1,d+i1]
0(0iy iz, $1 - P2) = ,é?ax){min{g(oil,i,ﬁbl), 0(0i11,iy, P2) }} 5 (3)
1€[i1,12
0(04y iz [0]17)) := ig?fa{g(oi,zﬁb, @)} ifia —i1 > b, else — oo,
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3. Problem Formulation

We consider a model-free RL setting where an agent interacts with a complex environment with
delayed rewards. To address the temporal credit assignment challenge, we introduce a reward func-
tion based on Time Window Temporal Logic (TWTL) specifications that provides more immediate
feedback about task progress.

Definition 3 (Concrete Time Reward) Let ¢ € ® be a TWTL formula. For a finite-horizon MDP
with a trajectory X; ;1| ¢/ produced by applying W;_1 ;i ||¢||-1 = Wi—1Ut - - - UN_j1||¢||—1, We de-
fine an episodic concrete-time reward, over the generated observation word 0; ;| 4|, at time i, as
follows:

76,i(0iit)igl) = Lo,y g0 “
This reward function provides a binary signal indicating whether the observed sequence satisfies
the TWTL ¢ within its time horizon ||¢||.

Given a finite horizon MDP with an episodic concrete-time reward 74 ;, compute the optimal
parameter 6* of the stochastic policy, 7y, that maximizes the total expected episodic reward. (i.e.

N
To» =gco Eny [Zi:l 7“¢,z})'

4. Accelerated Proximal Policy Optimization

We enhance PPO with an offline policy and a reward-shaping function based on TWTL. The offline
policy improves performance, while the reward shaping guides learning towards desired temporal
goals.

4.1. Proximal Policy Optimization

PPO is a policy optimization algorithm that uses the policy gradient to optimize a parameterized
policy. PPO provides stability to the learning process. At each iteration, the algorithm aims to find
a better policy that is close to the previous iteration Schulman et al. (2017). This, in turn, helps keep
the learning process away from degenerate policies.

Consider the state and state-action value functions, (1) ) —and subsequently the advantage func-
tion (2)— to be defined over the concrete time reward (4). For a parameterized policy 7y, where
0 € O is the parameter and © is the parameter space, PPO optimizes the policy at each iteration
according to 0,11 <—co E[J*(x,u,0,0;)], where J*(x, u, 0, 6;) is a clipped objective and defined
as follows Schulman et al. (2017):

Jk(xauaeuei) = min t (U,LE), g(evAi v (U,SU)) ) (5)

. 1 A; A>0
{( +e) = ,and € € (0, 1) is a tunable hyperparameter.

where g(e, A) := (1- A A<

The value A:G“ estimates the advantage A?l at time ¢ and can be computed as follows
Schulman et al. (2015b):

~mg. k —
AT =0 4 (YN8 A+ (VTSR ©)

5
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where dF is the temporal difference (TD) residual of V7™F discounted by ~, and is defined as
6F = rf + nytﬂe“ — XQT{ . In our setting the value function (1) is parameterized by a neural
network.

The choice of maximizing the objective (5) implies maximizing the advantage function Grudzien
et al. (2022). This choice yields low variance in the gradient; where the advantage function measures

how much better or worse the policy is from the default control Schulman et al. (2015b).

4.2. Temporal Logic Reward-Shapping

Consider an episodic RL framework where tasks are formulated using TWTL formulae. To simplify
the analysis, we consider a single task ¢, with time Horizon ||¢|| < N, where N is the number of
steps in the training episode.

Recall the concrete time reward (4), computing this reward requires complete MDP trajectories
that span the entire task horizon, ||¢||. However, obtaining these full trajectories during real-world
implementation might be impractical. To overcome this challenge, we need a method to complete
or extend partially observed trajectories. Existing approaches for trajectory completion include
trajectory prediction Salzmann et al. (2020), or runtime monitoring techniques Ahmad et al. (2023).

We propose using an observation predictor. This predictor takes an MDP state and generates a
sequence of predicted observations spanning the entire task horizon (||¢||). We present Long Short-
Term Memory (LSTM)-based task predictor in Example 2. For formulation simplicity, assume we
have a pre-defined predictor function, Pred : X — (O, which maps a state x; to a sequence of
observations (0, 0¢11, - - -, Op4(|¢||)-

Consider the TWTL robustness function, ¢ : O x ® — R, as defined in (3). For a TWTL task ¢,
we define a reward shaping function F' : X X U x X x & — R, with 0 < k < 1, as the following:

F(xt,u, ve41,¢) := k- 0(Pred(w), ¢) — o(Pred(zi41), ¢) (7

Lemma 4 The optimal policy of the original MDP is the same as the optimal policy of the MDP
with the shaped reward function ( rgft = réﬁi + F).

Proof By Theorem 1 in Ng et al. (1999), F' being a potential function, as defined in (7), guarantees
optimal policy consistency. |

Example 2 (Continue) For the Lunar Lander environment, we implement a sequence prediction
network to forecast future state trajectories, which is similar to Trajectron ++ Salzmann et al.
(2020) but for a single agent case, which are then used to evaluate TWTL robustness. The network
architecture consists of: (i) an input embedding layer, embed, that processes a window, w € Nx,
of state vectors X;_.y € R8*Y; (ii) an LSTM encoder LSTM, and decoder LSTMy for temporal
sequence modeling; and (ii1) prediction heads for future state estimation. Given a window of states
Xi—w:t, the network predicts future state trajectories: Xy, ||| = LSTMy(LSTM(embed(Xi—w:t))),
where X4y ||¢|| Tepresents the predicted state sequence over the TWTL formula horizon.

The predictor is trained on expert demonstrations to minimize the mean squared error of state
predictions, L = ZZQMH |%; — x;||? Using these predicted state trajectories, we can compute the
TWTL robustness degree o for the landing task formula ¢janaing by evaluating the atomic predicates
(hover, align, descend, land) on the predicted states. This robustness value is then used in the reward
shaping function (7) to provide immediate feedback about the predicted satisfaction or violation of
the landing requirements.
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4.3. Online-Offline Policy Architecture

In this section, we present two key theoretical results for policy improvement in episodic learning.
First, we introduce a novel policy architecture that combines an offline policy (,) with an online
policy (mg) and prove its convergence properties. Second, we establish guarantees for iterative
improvement of this mixed policy over time. Both results build on the same theoretical foundation
while addressing different aspects of the learning process.

The core idea of our architecture is to combine an offline policy, pre-trained on expert demon-
strations, with an online policy continuously optimized by PPO. Initially, the offline policy guides
the online policy’s learning, while a mixing parameter gradually reduces the offline policy’s influ-
ence, allowing the online policy to take over action selection.

Let Dy, be the set of distributions over ¢/. We introduce a deep policy architecture, my € Dy,
that we constitute using two parallel deep policies 7,, 73 € Dy and combine them using a fully
connect layer (FCL), see Figure 1. We compute 7y as follows.

mp(ulx) == (1 — a) - mp(ulz) + o - ma(ulz) (3)

where « is mixing parameters which are the weights of the FCL of the architecture.

In the following, we demonstrate that policy 7y is guaranteed to improve upon the offline policy
m, at every PPO iteration. After that, and using similar arguments, we prove that policy g improves
at every iteration.

We interpret 7, as a fixed prior of policy my, where we aim to learn the optimal 7z and the
optimal mixing parameter « through optimizing the weights of the FCL.

We base our analysis on the works of Kakade and Langford (2002) and Schulman et al. (2015a).

The total return of the policy 7, at episode k, is given by: n*(7) := Eyr [Ziv LR (g up) |, we
drop the superscript k£ from 7 for notation simplicity.

Lemma 5 In our framework, where we mix an offline policy 7, with an online policy ©g, we can
express the return of the mixed policy gy in terms of the offline policy return. This relationship fol-
lows a similar structure to policy improvement bounds established in Kakade and Langford (2002);
Schulman et al. (2015a). Specifically, as follows.

n(me) = n(mp) + E ®)

U~y

>

Proof The proof is omitted due to space limitations and it can be found in the extended version of
this manuscript Ahmad et al. (2024). |

Lemma 5 provides the basic formula to compute an improvement bound on 7y upon 7,, how-
ever, it the expectation depends on 7y which makes it hard to derive an update rule during opti-
mization. Hence, we use a local approximation of the total return, L : Dy, — R, introduced by
Schulman et al. Schulman et al. (2015a), which we require for introduce a bound guaranteeing that
Tg improves upon 7,. Let u ~ 7, and the visitation frequency Py, (z) = p(zo = x|z, u) + p(z1 =
xlx,u) + -+ + p(xny = z|r,u), the return estimation of the offline policy, 7,, as a function of a
general policy 7 is given as follows.

Lo, (m) = n(mp) + >, Pr,(x) Y w(ula)A* (2, u) (10)

zeX uel
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Choose ’R’Z =rg Ln, (mg). In the following theorem, we represent a fundamental bound to demon-
strate the effectiveness of policy architecture (8).
Proposition 6 implies that the mixing policy, 7y improves upon 7, at every iteration.

Proposition 6 Consider the total return of mg, 1)(7y), and the estimated performance of , Ly,

the following bound holds.
2§fya2

11
(1—7)? (v

n(mg) > L, (mg) —

where ¢ = maxcy | Eu~rs (A (z,u)]|,

Proof The proof is omitted due to space limitations and it can be found in the extended version of
this manuscript Ahmad et al. (2024). |

In the following, we derive the main result of the paper and the update rule of policy my (de-
fined in Equation 8). First, we consider the policy at iteration ¢ + 1 to be given as the following:
ulz) = (1— TVGZ“) o, (u|x)+T\/'9“L1 7p,,, (u|z), where TV??*1 = ma)%(DTv(HiHGiH);

4 Te

G511 (

Drv(0:[[0i1) == 53 |(uj ~ mp,(x)) — (u} ~ mg,,())] is the total variation between my, and

J
To; 1, and T, (ulz) = Lry (m,.,,)-
In the next Theorem, we show that the policy 7y (defined in Equation 8) consistently improves

with each iteration. This conclusion is a direct consequence of Proposition 6.

Theorem 7 Consider mp,, as in (8), with ; = (i, i), where the i stands for the optimization
5

iteration. Then for policy g, |, T, and ¢ = max | Evr [Agai (x,u)]|, the following bound holds:

2y (Vg )2

L) >L ) — 12)

77(7T01+1) = Ly, (77(7?61“)) (1 — 7)2
Proof The proof is omitted due to space limitations and it can be found in the extended version of
this manuscript Ahmad et al. (2024). |

We use the sampling-based estimation, similar to the original PPO Schulman et al. (2017) and TRPO
Schulman et al. (2015a) algorithms, which yield the surrogate clipped objective (5) and is defined
based on policy architecture (8).

Considering the general class of majorization maximization (MM) algorithms Hunter and Lange
(2004), maximizing the r.h.s. of (12) implies maximizing the total return of 7y, ,, Schulman et al.
(2015a). Similar to (10), with a slight abuse of notation we define the return Lﬁgi+1 as a function of
parameter 6:

Lo, (0i1) =1(0:) + > P, (x) > 7, (ul) A (, u) (13)

reX ueU

4.4. Algorithm Details

We need to find 6, that maximizes Ly, (0;+1). We use importance sampling (IS) to estimate 6;
that maximizes the term )y Py, (%) >, c0s 70,4, (u\x) AU (£, u) in (13) which implies maximiz-
1+1

ing Ly, (0;+1). By using IS and including penalized TV, ™ in the objective that we’re maximizing,
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Training Performance Comparison
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Figure 1: The Actor-Critic RL framework.Figure 2: Training performance comparison across dif-

The Actor’s architecture, policy
mp, consists of an offline pol-
icy, mp, and an adaptive policy,
mg, where the two policies are
mixed using the parameters of
the FCL, a.. The critic consists
of an MLP that approximates
the value function. The task pre-
dictor LSTM network and the
reward shaping are depicted in
cyan.

ferent variants of PPO in LunarLander-v2 and
Pendulum environments. For LunarLander-v2
(left y-axis), we compare vanilla PPO against
variants with reward shaping and mixing. The
results show that combining reward shaping
with policy mixing achieves faster learning
and better performance compared to baseline
PPO and reward shaping alone. For Pendulum
(right y-axis, dashed lines), we include PPO
with and without mixing for reference. Train-
ing steps are shown in millions on the z-axis.

we conclude to use a clipped objective function that has the same structure as the objective of PPO
Schulman et al. (2017), J*(z,u, 0, 6;) (see Eq (5)), but is defined with respect to (8).

Following the formulation of Cai et al. (2020) we introduce APPO in Algorithm 1. Given the
offline policy, 7,, we initialize for episode 1 a series of the policy, 7y, with an initial parameter .
Then at every training episode k we observe the state after applying the 0-th step policy, 7y o, Line
4.4, Then at every iteration ¢ of the episode k, the parameter 6; of the policy is optimized.

Input 7,(-) a fixed task predictor trained offline
Initialize{y, }¥ ;' with § = 6,

foreach episode k € {1, ..., K} do
Observe 1
foreach iterationi € {1, ..., N} do

0?—!—1 <_9€® E[J(I; (.’L’, u, 07 01)]

Apply the control u; ~ g,

Compute A;thk according to (6)
end

end

Given a concrete-time reward (Def 3),
we introduce J(’;(-,‘, -,+), a variant of the
clipped objective (5) defined based on
A];’t and is given as Ji(az,u,@,@i)

mo(ulz) 476, ok AT0,;p.k
ﬂ;i(u‘m)A(z,’t : 79(57A¢,t ’ )}
sequently, the parameterized part of the
policy update is computed according to

0ir1 <0co E[Jg(x,u,O,Qi)].

min Con-

Algorithm 1: Accelerated PPO
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5. Case Study

As a continuation of Examples 1 and 2, we demonstrate the empirical performance of our approach
in Figure 2. For the Lunar Lander environment, where we previously defined the landing task TWTL
formula ¢y,nding and the LSTM-based task predictor, combining policy mixing with reward shaping
(green) achieves faster learning and better asymptotic performance compared to both vanilla PPO
(blue) and reward shaping alone (orange). The improvement is particularly noticeable in the early
training phase (0-0.5M steps), where our method accelerates learning.

To test the robustness of our mixing approach, we intentionally degraded pre-trained PPO poli-
cies by adding controlled noise to their parameters, using these as our offline policies 7,. Despite
starting with these suboptimal policies, our method successfully leverages their partial knowledge
while learning to improve upon them. For comparison, we also tested our approach on the Inverted
Pendulum environment with similarly degraded offline policies (right y-axis, dashed lines), where
policy mixing again demonstrates improved learning dynamics over the baseline PPO implementa-
tion.

6. Conclusion and Future Work

We presented an approach to accelerate reinforcement learning in environments with delayed re-
wards through two key innovations: a mixed policy architecture that combines potentially subopti-
mal offline policies with online learning, and a TWTL-based reward shaping mechanism enabled by
a task predictor. For the mixed policy architecture, we established theoretical guarantees showing
consistent improvement over both the offline policy and previous iterations. Our empirical results
on the Lunar Lander and Inverted Pendulum environments demonstrate that even with degraded
offline policies, our method achieves faster learning and better asymptotic performance compared
to vanilla PPO.

Several directions for future work emerge from this study. First, exploring more complex TWTL
specifications that capture intricate temporal dependencies could extend our framework to more
challenging tasks, such as soccer games. Second, investigating adaptive mixing strategies that au-
tomatically adjust based on the relative performance of offline and online policies could further
improve learning efficiency. The integration of other temporal logic formalisms and their corre-
sponding quantitative semantics could also provide interesting avenues for reward shaping in rein-
forcement learning.
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