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This paper proposes a hybrid enhancement method for  Q-learning that combines direction-sensitive Q-table ini­
tialization with annealing-based Boltzmann exploration. Initialization leverages geometric priors to bias actions 
toward the target without leaking obstacle information; the annealing-based Boltzmann method achieves a smooth 
transition from extensive exploration to exploitation. By leveraging the symmetry of isometric states and an 
adaptive exploration strategy, the improved Q-learning algorithm achieves faster convergence in discrete action 
environments.

In t r o d u c t io n

In intelligent transportation systems (IT S ), 
navigation and path planning are foundational ca­
pabilities that underpin applications such as au­
tonom ous driving, unmanned delivery, and ware­
house logistics. T ypical scenarios include efficient 
traversal within urban road networks, congestion 
and obstacle avoidance in warehouse grid environ­
ments, and policy  evaluation in simulated traffic 
networks. Given the discrete layout o f environments, 
constrained traversability, and com plex dynam ics, 
achieving efficient and robust path planning in un­
known or partially known settings carries substantial 
research and engineering significance.

From  an application perspective, an effective 
navigation strategy should satisfy three criteria: 
reachability, efficiency, and robustness. M ethodolog­
ically, traditional rule-based or heuristic planners 
(e.g., fixed-cost search and hand-crafted policies) 
often require extensive parameter tuning and com ­
plete map inform ation in large-scale, dynam ically 
changing scenarios; they generalize poorly  to novel 
layouts or constraints and incur high maintenance 
costs[1].

Against this backdrop, reinforcement learning 
(R L ), with its capacity to learn adaptively through 
interaction with the environment, has emerged as a 
powerful approach to  path planning in grid-based 
settings. A m ong R L  m ethods, Q-learning m ethod 
has been widely adopted for grid navigation with 
discrete actions due to its simplicity, computational 
lightness, and strong interpretability.

I. W eakn esses  of  e x ist in g  m eth o d s

Despite substantial progress, Q-learning and 
its variants continue to face efficiency and robust­
ness bottlenecks in large-scale, obstacle-dense, and 
sparse-reward grid environments. First, the lack of 
reliable navigational priors at initialization leads to 
directionless early exploration when Q -tables are 
uniform or random. Although distance- or heuristic- 
based initializations can accelerate learning to some

extent, they tend to  over-bias the agent toward 
blocked directions under high obstacle density, and 
their benefits are highly m ap-dependent. Second, 
exploration mechanisms are largely heuristic and 
insensitive to learning progress. Specifically, fixed 
e-greedy induces high variance and repeated prob­
ing, while Boltzmann/entropy-regularized policies or 
adaptive e decay can improve stability but introduce 
additional hyperparameters and tuning burdens, and 
still exhibit oscillations, cul-de-sac trapping, and pre­
mature greediness in heavily cluttered settings[2]. In 
terms of scalability, approaches based on local-search 
decomposition and hybrids with evolutionary/swarm 
intelligence enhance global exploration but increase 
computational complexity and parameter sensitivity, 
limiting real-time deployment.

Overall, existing im provem ents partially alle­
viate exploration and reward sparsity issues, yet re­
main highly sensitive to priors and hyperparameters. 
As obstacle density and map scale grow, robustness 
and generalization remain inadequate.

II. P r o b l e m  sta te m e n t

W e m odel path planning in a 2D grid envi­
ronment as a discrete M arkov Decision Process 
(M D P) (S , A , P , R , y }. On a grid o f size H  x W , the 
state s =  (i, j ) € { 0 , . . . ,  H  — 1} x { 0 , . . . ,  W  — 1} 
denotes the current position o f  agent, with a des­
ignated start sstart and goal sgoai. T he action 
set A  =  {up , down, left, right} corresponds to  four- 
connected movements.

The reward function is designed to jointly cap­
ture task com pletion, collision penalties, and time 
costs[3]. with the ob jective o f  m axim izing the ex­
pected discounted return which can be formed below 
in Equation (1):

max En
"Tmax
fax Yt r t s0 sstart

_ t=0
(1)

where y  € [0,1) is the discount factor and r t is the 
instantaneous reward induced by  the current tran­
sition. For small to medium discrete state spaces,
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we adopt tabular Q-learning as a baseline solver to 
estim ate the action-value function in a m odel-free 
manner and iteratively im prove the policy. The 
update rule is shown in Equation (2 ) :

Q (s t,a t) ^  Q (s t,a t) +  a ( r t +

Y m ax Q (s t+1,a / ) -  Q (s t , at) )
a'GA /

(2)

s(i, j , a )  — max (0, Us (i, j ) • ua)

ing convergence. Figure 1 shows the visualization of 
optim ized initialization o f the table.

A n n e a le d  B o ltz m a n n  E x p lo r a t io n  To ad­
dress the limitations of standard e-greedy with high 
noise and insufficient late-stage exploration. we 
adopt an annealed Boltzm ann scheme whose tem ­
perature decays exponentially with episode e[4]. The 
calculation for temperature Te is in Equation(5):

where a  G (0,1] is the learning rate. E xplo- 
ration-exploitation  trade-offs are handled via e- 
greedy.

III. M e t h o d  d e s c r ip t io n

Te — m ax(Tmin,To • pe) (5)

where T0 — 1.5 is the initial tem perature, 
Tmin — 0.02 is the lower bound, and p — 0.998 is 
the decay rate. T he action probability P (a  | s) is 
com puted as:

P (a  | s)
e x p (Q / (s, a ) /T ) 

E a 'e A  exP (Q /(s ,a /) /T )
(6)

Figure 1 -  Optimized initialization of Q table

O p t im iz e d  Q  T a b le  In it ia liza tion : To mit­
igate the drawback o f  standard initialization that 
ignores navigational priors, we provide a warm start 
to  reduce early blind exploration. Unlike zero or 
random  initialization, we com pute Q 0(i, j ,  a) using 
goal direction and distance, where (i, j )  denotes the 
state position, a denotes the action index, and Q 0 
is the initial Q-value. T he initialization is defined 
as in Equation(3):

Q o(i, j ,  a) — во +  в1 ( l  -  d(i, j ;  g i ,g j ) )  +  ̂ « ( i ,  j ,  a)
(3)

where в 0 — 0 is a constant bias term, в 1 — 0.8 is the 
distance weight, and в 2 — 0.5 is the direction weight; 
d(i, j ;  gi , g j ) is the normalized M anhattan distance 
(with (gi , g j ) denoting the goal position), computed

using ^  j ; g^ g j ) — e0 , (e0 — 1 e -8  is
a small constant to avoid division by zero). « ( i ,  j ,  a) 
is the action alignment score, computed via the dot 
product between the unit goal vector field (i, j )  
and the unit action vector Ua. T he calculation is 
shown below  in Equation (4):

(4)
This m ethod biases actions that are closer to the 
goal and aligned in direction, significantly accelerat-

To im prove efficiency, we add a UCB 
bonus(U pper Confidence Bound bonus): 
Q /(s, a) — Q (s, a) +  c ^ ln ( t  +  1 ) / (N (s ,  a) +  e ), 
where Q /(s ,a ) is the adjusted Q-value, c — 0.1 is 
the exploration constant, t is the total time step 
count, and N (s, a) is the state-action  visit count. 
This mechanism encourages actions with higher 
uncertainty and prom otes detour discovery in clut­
tered environments, contrasting with the inefficient 
exploration reported for standard Q-learning in com­
putationally com plex dynam ic warehouses. Visit 
counts are tracked via state and action arrays, and 
the global step t increments per action.

IV . co n c lu sio n

W e propose an im proved Q-learning m ethod 
for grid-based navigation, centered on the synergy 
between direction-sensitive Q-table initialization and 
annealed Boltzm ann exploration. T he former pro­
vides a mild yet explicit directional prior, while 
the latter implements a sm ooth, adaptive soften­
ing mechanism to  transition from exploration to 
exploitation. W ithout revealing obstacle inform a­
tion and while retaining a model-free paradigm, the 
method is expected to improve sample efficiency and 
convergence stability.
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