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Abstract: Assistive navigation systems must adapt to the diverse capabilities of
individual users, who may vary in motor control precision and device noise toler-
ance, and to different environmental layouts. This work presents a meta-learning
approach that learns capability-aware priors using tabular Q-learning across a
range of grid-based navigation tasks. The approach is evaluated in two regimes:
Easy tasks on 8 x 8 grids with moderate clutter and no capability costs, and Hard
tasks on 12 x 12 grids with dense clutter, probabilistic action slip, and capability-
shaped costs. In both regimes, the agent first trains across multiple source environ-
ments to build the prior, then adapts to a novel user—environment combination over
a limited number of episodes. In the Hard regime, the pretrained agent reaches the
goal in 83.3% of test maps compared to 8.3% for a scratch agent, improves mean
final return from approximately —499.9 to —125.7, and increases path efficiency
from 0.083 to 0.583. In the Easy regime, pretrained and scratch agents achieve
similar final performance, indicating that the prior does not hinder adaptation in
simple settings. The method runs with low computational requirements, relying
on tabular updates and short adaptation windows, and yields consistent benefits
in challenging, sparse-reward environments, supporting rapid personalization for
assistive navigation.

Keywords: Meta-learning, Assistive Navigation, Reinforcement Learning, Per-
sonalization

1 Introduction

Assistive navigation technologies, such as powered wheelchairs and mobility aids, must adapt to
individual users [1, 2]. Users bring different motor capabilities and interaction patterns [3, 4]. Envi-
ronments also change. Long training cycles are not practical in daily use [5].

We aim for fast adaptation in assistive navigation with meta-learning. We learn a prior across many
tasks. The prior captures regularities in maps and in capability effects [6, 7]. The learner then adapts
on a new task with a short budget. The system runs on standard hardware.

We treat user capability inside the reward. We use penalties for turning and backtracking. We also
add action slip to model motor noise [8, 9]. This makes the learned strategies capability aware. The
design stays simple and interpretable.

We test on a grid proxy that keeps compute low and still captures key problems in mobility [10, 11].
The proxy has obstacles, start and goal, action slip, and capability costs.

Our evaluation shows clear gains on Hard cases. Success rate rises from 8.3% to 83.3%. Final return
and efficiency improve by large margins. Easy cases show parity at the end of training. The prior
does not reduce performance when the task is simple.
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Prior work on assistive navigation rarely bakes user capability into the learning objective and often
needs long adaptation. We hypothesize that a capability-aware prior, learned through tabular Q-
learning over diverse tasks, will cut adaptation time and raise success on difficult maps. Our Hard
benchmark confirms this with 83.3% success for the pretrained agent versus 8.3% for scratch while
Easy tasks remain at parity.

2 Related Work

2.1 Assistive Navigation Systems

Assistive navigation has moved from basic obstacle avoidance to shared control [1, 5]. Systems now
aim to preserve user agency while helping when needed [11, 12]. Personalization is key, since users
differ in motor control and interaction load [2, 13, 3, 10]. These trends motivate fast adaptation in
practice.

2.2 Meta-Learning and Few-Shot Adaptation

Meta-learning improves adaptation to new tasks [14, 15]. Gradient-based methods learn initial-
izations that adapt quickly [6, 7, 16]. In reinforcement learning, meta-learning speeds policy im-
provement using structure across tasks [17, 18]. Memory-based methods also help with quick up-
dates [19, 17]. We study a tabular version built for capability-aware navigation. We keep the learner
simple to support low compute. We also rely on standard Q-learning foundations [20, 21].

2.3 Capability-Aware Learning

Human-robot interaction benefits from models that reflect human limits and preferences [8, 22].
Capability-aware design improves shared autonomy and trust [23, 24]. In assistive settings this
includes motor limits and cognitive load [9, 10]. Inverse reinforcement learning can reveal prefer-
ences but needs more data than we can afford during quick adaptation [25, 26]. We avoid that cost
by learning a reusable prior that adapts with short runs.

3 Methodology

3.1 Problem Formulation

We model assistive navigation as a capability-conditioned MDP. The state is a grid cell s = (r, c)
with fixed start and goal per map. The agent can move up, down, left, or right. We inject action
slip with probability pjp. The slip replaces the intended action with a random action. This models
control noise seen in real devices [12, 11].

We write the reward as
T(S; a, 5/) - renv(sa a, S,) - )\turn N 1tum - )\back : 1back~ (1)

The capability profile is ¢ = (Awm, Aback; pslip). The penalties express the extra effort that some users
face.

3.2 Environment Generation and Solvability

We sample random grids with obstacles. The Easy regime uses 8 x 8 with obstacle probability 0.20.
The Hard regime uses 12 x 12 with obstacle probability 0.30. We enable action slip in Hard. We
also enable capability costs in Hard. We filter out unsolvable maps. We run Breadth-First Search on
the occupancy grid [27]. Only maps with a free path remain in the set.



3.3 Meta-Learning Algorithm

We use tabular Q-learning with a capability-aware prior. The base update is
Qs,a) < Q(s,a) + a |1+ ymax Q(s',a) — Q(s,a)] - @)
a/

We set a = 0.10. We set v = 0.99. We use e-greedy exploration with ¢y = 1.0 and geometric decay
0.99 per episode [21, 20].

We learn the prior by averaging Q-values across short runs on many tasks. For the Easy prior we use
10 tasks with 100 episodes each. We use 8 x 8 grids with obstacle probability 0.25. For the Hard
prior we use 20 tasks with 150 episodes each. We use 12 x 12 grids with obstacle probability 0.30.
We randomize Aym € [0.5,2.0], Apack € [0.5,2.0], and pyip € [0.05,0.20]. The prior Qprior encodes
common navigation patterns that work across users.

3.4 Adaptation Protocol

We adapt the agent on a new map with either a random start or the learned prior. For Easy we
run 200 episodes without capability costs. For Hard we run 60 episodes with a fixed profile ¢* =
(1.5,1.2,0.15). After adaptation we run a greedy rollout with a 300-step cap. This setup matches a
quick, practical tuning step before use.

4 Experimental Setup

4.1 Evaluation Metrics

We report five metrics. Reach is a binary success flag. Final Return is the cumulative reward on
the rollout. Path Efficiency is the ratio of the shortest path length to the executed path length. SPL
combines success with normalized path length [28]. Steps on Success measures the number of steps
when the agent reaches the goal. These metrics reflect both success and efficiency.

4.2 Statistical Analysis

We estimate 95% confidence intervals with bootstrap resampling over environments. We use 2,000
resamples [29]. We test if the pretrained approach beats scratch with a one-sided paired ¢-test [30].
We also repeat experiments across seeds to check stability.

5 Results

5.1 Performance on Hard Navigation Tasks

Figure 1 shows the learning curves on Hard maps. The pretrained mean stays above scratch for all
60 episodes. The confidence bands separate over most of training.

Table 1 quantifies the gains. Success rises to 0.833 from 0.083 (p = 2.4e-07). Final Return improves
to —125.729 from —499.925 (p = 3.18e-07). Path Efficiency rises to 0.583 from 0.083 (p =
1.23e-07). Steps on Success drops from 131.000 to 45.450.

Table 1: Hard benchmark results (12x12, obstacle prob 0.30, action slip, capability-shaped re-
wards). Mean + 95% CI over 24 environments; paired one-sided ¢-test.

Metric Scratch Pretrained Dhetter

Reach 0.083 4+ 0.104 0.833 = 0.146 2.4e-07
Final Return -499.925 +£49.575 -125.729 + 71.069  3.18e-07
Path Efficiency 0.083 + 0.011 0.583 = 0.125 1.23e-07

Steps on Success  131.000 £+ 14.000  45.450 + 18.352 -
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Figure 1: Learning curves for Hard navigation
tasks. Pretrained (orange) consistently outper-
forms learning from scratch (blue) across 60
adaptation episodes.
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Figure 2: Performance comparison on Hard
tasks across all metrics. Pretrained approach
outperforms learning from scratch on all mea-
sures.

5.2 Qualitative Path Analysis

Figure 3 shows one Hard map. The scratch agent fails to reach the goal and loops in clutter. The
pretrained agent reaches the goal along a direct route. The plot illustrates the practical benefit of the

prior.
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Figure 3: Example navigation paths on a Hard environment. Blue: learning from scratch (fails to
reach goal). Orange: pretrained approach (successful, efficient path).

5.3 Performance on Easy Navigation Tasks

Figure 4 shows Easy curves. The pretrained mean starts higher. The gap closes with more episodes.
Both approaches match near the end.

Table 2 reports parity. Success is 1.000 for both. Final Return and Path Efficiency also match. Steps
on Success is the same.

5.4 Ablation Studies

We study two factors on Hard maps. First, the number of meta-training tasks. Second, the adaptation
budget.
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Figure 4: Learning curves for Easy navigation Figure 5: Performance comparison on Easy
tasks. Both approaches converge to similar final ~ tasks. Both approaches achieve statistically
performance. equivalent performance.

Table 2: Easy benchmark results (8 x8, obstacle prob 0.20). Mean + 95% CI over 24 environments;
paired one-sided ¢-test.

Metric Scratch Pretrained Dhetter
Reach 1.000 =+ 0.000 1.000 £ 0.000 nan
Final Return 0.465 £ 0.021 0.465 4+ 0.021 nan

Path Efficiency 0.934 +£0.001  0.934 £ 0.001 nan
Steps on Success  15.167 & 0.208 15.167 & 0.208  nan

Task count shows an inverted U shape. Moderate diversity gives the strongest prior. Very high
diversity makes the prior too broad. The adaptation budget plot shows that most of the benefit
appears by 60 episodes. This supports short, practical tuning in real use.

5.5 Reproducibility Analysis

We repeat the study with multiple seeds and a fixed test set. Tables 3 and 4 show the results. Easy
remains at parity. Hard shows large gains with strong significance.

Table 3: Easy benchmark across 3 seeds with fixed test set. Mean £ 95% CI; one-sided ppeyer-

Metric Scratch Pretrained Phetter
Reach 1.000 £ 0.000 1.000 £ 0.000 nan
Final Return 0.465 +0.023 0.465 + 0.023  nan
Path Efficiency 0.934 +£0.001 0.934 +0.001 nan

SPL (higher better) 0.934 £0.001 0.934 £ 0.001  nan

6 Discussion

6.1 Implications for Assistive Technology

Fast personalization matters in assistive devices. The prior lifts success rates on difficult maps
without hurting simple ones. The method is also practical. It runs with tabular updates and short
adaptation. It fits laptop-level compute [2, 1]. The capability parameters give a handle for interpre-
tation [9, 10]. Clinicians can reason about Ay, and Ap,cx and adjust training if needed.

6.2 Limitations and Future Work

The grid proxy is simple. Real navigation involves continuous control and moving obstacles. Sen-
sors add noise and latency [5, 11]. We plan to test in richer simulators next. We also plan to extend
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Figure 6: Ablation of meta-training task count. ~ Figure 7: Ablation of adaptation budget. The
Gains rise from 3 to 5 tasks, stay high at 10, then  largest jump occurs from 40 to 60 episodes. The
decline at 20. gain from 60 to 100 is smaller.

Table 4: Hard benchmark across 3 seeds with fixed test set. Mean + 95% CI; one-sided pueger-

Metric Scratch Pretrained Phetter

Reach 0.125 +0.076 0.847 +0.104 2.2e-12
Final Return -472.710 £ 25919 -109.657 + 56.748  4.24e-12
Path Efficiency 0.089 + 0.011 0.646 + 0.108 5.21e-10
SPL (higher better) 0.023 £ 0.016 0.634 £0.119 2.51e-10

to multiple users per device with quick profile switching. The ablation results suggest that task
selection matters. A curriculum for meta-training may help [6, 7].

6.3 Broader Impact

Rapid personalization can improve quality of life for users who rely on mobility aids [4, 3]. Learning
systems must also be safe and reliable. The capability-aware design improves transparency, yet we
still need strong safeguards and fail-safe behavior [13].

7 Conclusion

We presented a capability-aware meta-learning method for assistive navigation. The prior helps the
agent adapt fast to new users and new maps. On Hard tasks the pretrained agent reaches 83.3%
success while scratch reaches 8.3%. Easy tasks show parity. The method is simple and efficient.
It uses tabular Q-learning and short adaptation. The results support practical personalization with
clear benefits and low cost.
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